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Abstract

The neuromuscular system is composed of multiple units with highly non-linear deterministic
and random characteristics. Such systems generate complex signals that exhibit different
characteristics when they are analyzed on different scales, known as multi-scale signals. The
myoelectric signal, which is comprised of deterministic (i.e., structured)‘ and random
contributions, exhibits multi-scale characteristics. In this work, we present four major paradigms
for multi-scale analysis of myoelectric signals; namely, self-similarity, long memory, multi-

fractality and chaos.

Self-similarity: A novel multi-scale bi-phase power-law is introduced which accurately
characterizes surface myoelectric signal power spectrum recorded during moderate contractions.
We present a novel methodology, termed the bi-phase power spectrum method which provides
unique parameters that are distinctly sensitive to force, joint angle, and fatigue. These parameters
could be used as complementary information for conventional myoelectric parameters that are

confounded during dynamic contractions.

Long memory: A method for quantitative analysis of long memory, known as detrended
fluctuation analysis, is introduced in the context of myoelectric signals. We show the myoelectric
signals show both mono- and multi-fractality. A new approach is presented to compute an

optimum Hurst exponent for fatigue estimation.

Multi-fractality: A unique multi-fractal process known as multiplicative cascade multi-fractal is
introduced in the context of myoelectric signals. A framework for analysis of myoelectric signals

using this multi-fractal process is presented for discerning neuropathic conditions.
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Chaos: An interesting framework known as power-law sensitivity to initial condition is used to
analyze myoelectric signals. This new framework suggests the myoelectric signals are not fully
random or fully chaotic but they resemble random fractals and chaotic motions on different
scales. The Lempel-Ziv measure is introduced for quantitative analysis of deterministic
complexity. We show the binary Lempel-Ziv measure might be affected by a false sense of
complexity due to inadequacy of two symbols to characterize motor unit action potentials. A new
ternary Lempel-Ziv measure is introduced which resolves limitations of the binary Lempel-Ziv

measure. The Lempel-Ziv measure also provides unique characteristics well-suited for fatigue

estimation.

We integrate these four aspects along with chaos and random fractal theory and provide a unified

framework for multi-scale analysis of myoelectric signals.
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Chapter 1

1. Introduction

Muscle is a contractile tissue consisting of cellular components that have the ability of physical
size transformation. The size transformation and contraction on a cellular level translates into
movement and force production of muscles. The natural ability of muscles for movement and
production of force, which is regulated through a complex interaction with the human motor
nervous system (i.e., neuromuscular system), is evident in all aspects of human life, such as,

breathing, heart activity, movement of the eyes and other organs.

Contraction of skeletal muscles involves bioelectrical phenomena within the smallest functional
units of the neuromuscular system known as motor units (MUs). It is possible to record this
electrical activity, invasively using needle electrodes directly from the muscle, or non-invasively
using surface electrodes on the surface of the skin. The act of recording the electrical activity of
the muscle is known as electromyography (EMG), and the obtained recording is known as the
EMG signal or myoelectric signal (MES). It is preferred to use the term MES instead of EMG
signal to avoid confusion between the act of recording and the recorded signal. Throughout this

work the term MES is used for the recorded signal by convention.

Understanding the MES helps to understand the muscles and the way they generate bioelectrical
signals. It also helps to understand how specific mechanisms and phenomena (e.g., muscle
fatigue and neuromuscular disorders) influence the MES and how the MES reflects certain
mechanisms and phenomena. This concept of forming a forward and inverse problem is familiar

to engineers as a system analysis problem based on the input and output of the system. In this
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case, the MES could be considered to be the output of neuromuscular system; meanwhile,
information available from the input and the system are limited to physiological knowledge of
the neuromuscular system. For example, one could examine the force produced by the muscle
using the MES or study the progress of muscle fatigue (i.e., weakness). Figure 1.1, shows a

simplified schematic of MES generation.

Coalition of

: (MU . D “ j detected MUs
i S e O
:‘ ::

Figure 1.1: Schematics of MES generation.

The motor nervous system innervates a number of muscle fibres during a contraction. A MU
consists of a a-motoneuron and the fibers it innervates. Innervated muscle fibers within a MU
generate MU action potentials (MUAPs). The innervation process resembles random pulses that

activate MUAPs with self-similar structures. The MES is the summation of MUAPs from a

coalition of MUs, detected by an electrode.
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Previously, MESs have been studied widely for physical medicine and rehabilitation [Merletti
and Parker, 2004], neurophysiology and clinical diagnosis [Stalberg and Falck, 1997; Merletti
and Parker, 2004], performance and fatigue studies [Farina et al, 2001], and recently augmented

speech recognition [Chan ef al., 2006].

Analyses of MESs are based mainly on conventional measures that are routine and well-known
for the analysis of generic biological signals; for example, spectral moments, percentile
frequencies (e.g., median frequency (MDN)), linear predictive (LP) coefficients, cepstrum
coefficients, wavelet coefficients, root mean square (RMS), number of zero crossings (NZC) and

number of turns (NT) are well documented [Finsterer, 2001; Merletti and Parker, 2004].

The origins of the MES comprise multiple subsystems that exhibit both highly non-linear
deterministic (i.e., MUs) and random (i.e., innervation) characteristics and are regulated
hierarchically (i.e., regulations are distinct for each subsystem). The unique structure of the
muscle and origins of the electrical activity suggest it would be very interesting to exploit these
unique properties. It is expected that multi-scale characteristics would be exhibited in the MES;

multi-scale signals behave differently depending upon the scale at which the data are examined.

One way to exploit the multi-scale characteristics in signal processing is to use existing generic
measures at different time scales; however, it is very difficult to analyze a signal at all possible
time scales because there can be an infinite number of different scenarios in which the signal
must be studied. An alternative way is to develop multi-scale measures that explicitly incorporate
the concept of scale and characterize the signal with scale-dependent information; in other

words, measures that are able to characterize the signal and identify appropriate scales
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simultaneously [Gao, 2000; Hu, 2007]. This type of analysis would be referred to as multi-scale

analysis throughout this work.

Recently, there have been a few studies addressing multi-scale aspects of MESs but these are not
explicitly under the umbrella of multi-scale analysis and within the category of fractal or chaotic
time series analysis [Chang et al., 2004; Gitter et al., 1995; Gupta et al., 1997; Raveir et al.,
2005; Shields, 2007; Talebinejad et al., 2006a,b, 2007]. A major difficulty in this area of
research is that conventional fractal and chaotic analysis borrowed from other areas of research
are not well-defined for MESs. In order to fully characterize such complex signals, the concept
of scale has to be explicitly considered, and existing theories need to be used collectively, instead

of individually, since on different scale ranges different theories may be more relevant.

1.1. Objectives

In this work, we present a unified approach for multi-scale analysis of MESs. We integrate chaos
and random fractal theory, and introduce new multi-scale techniques that can be used for
characterizing MESs. These new techniques are compared to existing methodologies and several

potential applications are illustrated.
1.2. Contributions
1.2.1. Major contributions

1. Introduced a novel bi-phase power-law, for characterizing bi-phase multi-scale
phenomena. It is apparent in most biological signals that the multi-scale characteristics
do not follow a mono-phase power-law similar to fractional Brownian motion (FBM).

We present a novel bi-phase power-law which resembles an extended form of self-
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similarity. The bi-phase power-law provides several interesting features such as distinct
asymptotically independent fractional-orders and homomorphism. The power spectrum
of the MES shows bi-phase characteristics especially during moderate contractions. We
present a bi-phase power spectrum method (BPSM) applicable to MESs. It is illustrated
that the unique features of the bi-phase power-law can be exploited for improved force
and fatigue estimation. This contribution has resulted in the following publications:

1. Talebinejad M., Chan A., Miri A., and Dansereau R. (2008) Fractal analysis of
surface electromyography signals: A novel power spectrum-based method.
Journal of Electromyography and Kinesiology, d0i:10.1016/j.jelekin.2008.05.004.

2. Talebinejad M., Chan A., Miri A. (2007) Effects of conduction velocity and
spectral compression on the fractal parameters of myoelectric signals.
Proceedings of the 30" Canadian Medical and Biological Engineering Society
Conference, M0087.

3. Talebinejad M., Chan A., Miri A. (2008) Spectrum-based fractal analysis using
piecewise statistically self-affine power-laws. Proceedings of the 31° Canadian
Medical and Biological Engineering Society Conference, A8-3.

4. Talebinejad M., Chan A., Miri A. (2008) Novel power spectrum-based fractal
indicators for myoelectric parameters. Proceedings of the 17" Congréss of
International Society of Electrophysiology and Kinesiology, SPO2-3.

5. Talebinejad M., Chan A., Miri A. (2008) Novel fractal indicators with distinct
sensitivities to localized muscular fatigue during static contractions. Proceedings
of the 17" Congress of International Society of Electrophysiology and

Kinesiology, MFO1-5.
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2. Introduced a new approach for fatigue estimation using multi-fractal detrended
fluctuation analysis (DFA). Conventional fatigue indices are affected by factors other
than fatigue during dynamic contractions (e.g., force and joint angle). We show that with
the multi-fractal DFA, it is possible to find time scales at which the myoelectric
manifestation of fatigue is more significant compared to other factors. Thus, it is possible
to estimate muscle fatigue within these particular time scales more accurately. This
approach has demonstrated improvement over the conventional MDN as a fatigue index.
This contribution has resulted in the following publications:

1. Talebinejad M., Chan A., and Miri A. (2008) Fatigue estimation using a novel
multi-fractal detrended fluctuation analysis approach. Submitted to the Journal of
Electromyography and Kinesiology, JEK-D-08-00127.

2. Talebinejad M., Chan A., and Miri A. (2008) Multi-scale analysis of myoelectric
signals: Assessment of long-range dependencies and fractal-scaling-breaks.
Proceedings of the 31* Canadian Medical and Biological Engineering Society
Conference, A4-5.

3. Introduced a new framework for multiplicative cascade multi-fractal (MCM)
modeling of MESs. The MCM framework has unique characteristics such as primary
sensitivity to long-range correlation, and suppressing the effects of noise. We exploit
these characteristics and compute a new signal measure that could be used to discern
between normal and neuropathic MESs. Using simulated MESs, we demonstrate this new
measure outperforms the conventional NT in the presence of additive white Gaussian
noise, in terms of classification accuracy. This contribution has been submitted for

publication to the IEEE Transaction on Biomedical Engineering (Talebinejad M., Chan
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A., and Miri A. (2008) Multiplicative multi-fractal modeling of electromyography signals
for discerning neuropathic conditions. TBME-00789-2008).

Introduced a new framework for fatigue estimation using Lempel-Ziv (LZ)
complexity measure. We show the LZ measure is sensitive to the changes of MESs due
to fatigue and outperforms the conventional MDN for fatigue estimation. We also show
the standard binary LZ measure might be affected by a false sense of complexity due to
the inadequacy of a binary sequence to characterize MUAPs. We introduce a multi-level
LZ measure and demonstrate that a ternary LZ measure outperforms the standard binary
measure. This contribution has been submitted for publication to the Journal of
Electromyography and Kinesiology (Talebinegjad M., Chan A., and Miri A. (2008)

Fatigue estimation using Lempel-Ziv complexity measure. JEK-D-08-00165).

1.2.2. Other contributions

1.

The existing literatures on fractal analysis of MESs are critically reviewed and the
shortcomings and limitations of available methods are discussed. We demonstrate
that the estimated fractal dimension using the Katz and box-counting methods is highly
correlated with the amplitude of the MESs and confounded. We also demonstrate the 1/f
approach is not directly applicable to MESs. This contribution has been published in the
Journal of Electromyography and Kinesiology (Talebinejad M., Chan A., Miri A., and
Dansereau R. (2008) Fractal analysis of surface electromyography signals: A novel
power spectrum-based method. doi:10.1016/j.jelekin.2008.05.004).

The structure-function-based method and DFA are evaluated with MESs. A
comprehensive discussion on long memory (i.e., long-range-dependency and correlation)

and fractal-scaling-break of MESs is presented. We demonstrate the conventional mono-
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fractal approaches (e.g., mono-phase power spectrum method) are ill-defined for analysis
of MESs as this signal exhibits both mono- and multi-fractality. This contribution has
been submitted for publication to the Journal of Electromyography and Kinesiology
(Talebinejad M., Chan A., and Miri A. (2008) Fatigue estimation using a novel multi-
fractal detrended fluctuation analysis approach. JEK-D-08-00127).

3. We have shown that the MESs are not fully random or fully chaotic, but they
resemble random fractals and chaotic motions when analyzed at specific time scales.
We extend the concept of exponential sensitivity to the initial condition, to power-law
sensitivity and time-dependent exponent curves and determine the edge of chaos (i.e.,

distinctive time scale relations between a random fractal and a chaotic motion) for a

MES.

1.3 Thesis structure

In chapter 2, the basic physiology of the muscle and state of the art in analysis of MESs for
different applications are presented along with a summary of selected previous research on force
and fatigue estimation, myoelectric prosthetic control, myoelectric augmented speech

recognition, and clinical diagnosis.

In chapter 3, multi-scale phenomena are introduced; four major paradigms for multi-scale
analysis including self-similarity, long-memory, multi-fractality, and chaos are presented. These
paradigms are discussed in the context of MESs and available literature in this area, is reviewed.

DFA, MCM, and power-law sensitivity to initial condition are introduced in this chapter.
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In chapter 4, the simulated needle MESs, as well as, experimental data used in this work, are

presented; these data include surface MESs recorded during different contraction and fatigue

protocols.

In chapter 5, a novel bi-phase power-law and the BPSM are introduced and a human experiment
is presented. It is demonstrated that the fractional-orders of BPSM show distinct sensitivities to

force, muscle length (joint angle), and fatigue.

In Chapter 6, a new approach for fatigue estimation using multi-fractal DFA is introduced, and

results of a fatigue experiment, during static, cyclic and random contractions, are presented.

In Chapter 7, a new framework for MCM modeling of MESs and discerning between normal and

neuropathic conditions with results of a simulation study are presented.

In Chapter 8, the LZ measure is introduced, and a new framework for analysis of MESs using LZ

measure is presented. Results of a fatigue experiment are also presented.

Chapter 9, lays out the conclusions and future directions in this area of research. Appendices and

references are included at the end of the thesis.
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Chapter 2

2. Physiology, biophysics and analysis of MESs

MESs generated by skeletal muscles, incorporate central control strategies, signal transmission
along nerve fibers and across neuromuscular junction, and electrical activation of the muscle

fibers organized in MUs. Figure 2.1, illustrates simplified schematics of the neuromuscular

system.

Neuromuscular junction
Muscle fibers ]

o-motoneuron

Muscle

MU = Muscle fibers + a-motoneuron

Figure 2.1: A schematic representation of the neuromuscular system.

This chapter is dedicated to: 1) physiology and biophysics behind motor control and muscle
contraction, 2) MES detection techniques, and 3) state of the art in MES analysis and

applications.



Physiclogy. biophvsics and analysis of MESs |11

2.1. Basic physiology of motor control and muscle contraction

The central nervous system controls the skeletal muscles by motor programming which takes
place in different areas of the cortex. The corticospinal tract is linked to a-motoneurons which
are directly controlling the muscle activity. A MU consists of a a-motoneuron in the spinal cord
and the muscle fibers it innervates. The number of MUs per muscle in humans may range from
about 100 for a small hand muscle to 1000 or more for large limb muscles [Merletti and Parker,
2004]. Earlier studies [Burk, 1981] identified three types of MUs based on physiological
properties: 1) fast-twitch with high sensitivity to fatigue, 2) fast-twitch fatigue-resistant, and 3)
slow-twitch which is the most resistant to fatigue. The distinct characteristics of different types
of MUs are mainly a function of muscle fiber physiological properties and sensitivity to different
enzymes and biological by-products, which determine the speed of the force twitch and

fatigability.
2.1.1. Isometric contractions

During a contraction, force is regulated by the number of active MUs (i.e., spatial recruitment),
and MU activation frequency or firing rate (i.e., temporal recruitment). The greater the number
of MUs recruited and the higher the discharge frequency, the greater the produced force will be.
The current understanding of MU recruitment is based on the pioneering work of Henneman et
al., in the 1960s, who proposed that MUs are always recruited in order of increasing size of the
a-motoneurons [Henneman et al., 1960]. This theory known as the size principle is well accepted

and documented and is often referred to as orderly recruitment.
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It is well documented that MU recruitment and firing rate depend primarily on the level of force
. and speed of a contraction. When low threshold MUs are recruited, muscular contraction is
characterized by low force generating capabilities and high fatigue resistance. With requirement

for greater force and/or faster contractions, high threshold fatigable MUs are recruited.

The number of active MUs and their firing rate are primarily responsible for the level of force
and it is expected that the MES shows direct relationship to these parameters. Indeed, under
isometric experimental conditions without fatigue considerations, it is possible to demonstrate
that, MES amplitude or the RMS value of the signal show a strong correlation to the level of

force (i.e., » = 0.97-0.99 [Merletti and Parker, 2004]).

However, a change in MES should not be automatically attributed to changing spatial and
temporal recruitment and force level; the speed of the contraction, the capability of muscle fibers

for producing a twitch, and muscle fatigue also influence the myoelectric dynamics and MES.

2.1.2. Dynamic contractions

During dynamic contractions, the physical shape of the muscles varies with movement. This
variation affects the capacity of the muscle fibers for force production; that is, the recruitment
parameters will also vary when the muscle shape and length (joint angle) is changed to produce a
constant amount of force. Meanwhile, muscle movement will also affect the relative location of

the innervation zone and the electrode.

Therefore, during a dynamic contraction, without muscle fatigue, the MES will reflect both

changes in the level of force and the physical shape of the muscle. In this case, the amplitude or
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the RMS is confounded by both mechanisms. It is possible to demonstrate that a simple

correlation between the level of force and RMS is not anticipated during dynamic contractions.

2.1.3. Muscle fatigue

Some previous studies [Merletti and Parker, 2004] have shown that the amplitude of MESs
increases progressively as a function of time during sustained fatiguing contractions. Although
this phenomenon is widely accepted it is not universal and there have been studies in which the
amplitude has not increased or decreased [Merletti and Parker, 2004]. It was generally assumed
that additional MUs are progressively recruited to compensate for the loss of contractility due to
MUs fatigue impairment in cases the amplitude was increased. However, this assumption was
simplistic, because it was not possible to justify the muscle’s capability to evolve, adapt, and
repair itself, or explain cases where the amplitude is not increasing. This led to more in depth

research on fatigue.

In common language, fatigue could be described as a feeling or sensation of weakness, or muscle
pain or a decrement of performance, which is not particularly suitable for quantification or
measurement. A quantitative approach to describing muscle fatigue is often associated with an
event such as the inability to continue to perform a task. The engineering approach to fatigue of a
material or a mechanism is different with assessment of muscle fatigue, because fatigue is not an
irreversible process in the muscle. There are many potential sites of fatigue in the neuromuscular
system which could be grouped into three major categories [Merletti and Parker, 2004]: 1)
central fatigue, associated with the cortex and spinal cord, 2) fatigue of the neuromuscular
junction, and 3) muscle fatigue. All these factors contribute to changes of MES in very complex

ways that are not easy to unscramble. To reduce the difficulty of the problem and the number of
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factors affecting MES most past research has focused on myoelectric manifestation of muscle
fatigue during isometric (constant length), isotonic (constant force) contractions [Merletti and
Parker, 2004]. A very restricted contraction protocol is not however reflective of muscle function

in daily life and fatigue estimation during dynamic contractions is a major challenge in this area

of research [Merletti et al., 2002].
2.1.3.1. Assessment of muscle fatigue

Fatigue is not a physical variable and its assessment requires the definition of indexes related to
other measurable variables. In previous studies [Merletti and Parker, 2004], several different
indexes have been suggested for measurement of fatigue based on MES analysis. Indexes of
fatigue are defined on the basis of the time evolution of the MES; that is, muscle fatigue can be

assessed since the very beginning of a muscle contraction.

The most widely used and documented muscle fatigue indexes are based on observed changes of
MES conduction velocity (CV). Muscle fiber CV decreases as the contraction progresses in time
due to several different mechanisms including accumulation of biological by-products such as
acid lactic in the muscle [De Luca, 1984]. This feature is better described in the frequency
domain for a stochastic signal like the MES; it was observed that the frequency content of the
MES shifts towards lower frequencies as a result of slowing MES. This shift is often tracked

using the mean frequency (MNF), or the 50™ percentile frequency also known as the MDN [De

Luca, 1984].
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Fatigue indexes based on the frequency domain MES features are the most commonly used
measures for assessment of muscle fatigue [Maclsaac ef al., 2006; Merletti and Parker, 2001].

Advances in muscle fatigue estimation will be presented in section 2.4.2.

2.1.4. Neuromuscular disorders

The MES could be also affected by the nervous system or muscle diseases. In this work we limit
our scope to one well-known category of neuromuscular disorders, neuropathy. Neuropathy is
usually associated with a reduced number of active MUs and reorganization of the muscle fibers
to form larger MUs [Stalberg and Falck, 1997]. It is also of interest to discriminate normal, and
neuropathic conditions automatically from the MES. Advances in clinical diagnosis will be

presented in section 2.5.3.
2.2. Detection techniques

Detection techniques can be divided to two main categories: invasive intramuscular recordings

and non-invasive surface recordings.
2.2.1. Intramuscular recordings

Various needle electrodes have been designed for intramuscular recording [Stalberg and Falck,
1997]. Intramuscular needle electrodes are used to make extracellular recordings of MUAPs and

muscle fiber action potentials. It is also possible to record the intercellular potentials in vitro

which are out of the scope of this work.

Typically the recorded signal’s amplitude exponentially decreases as the distance between the

electrode tip and the muscle fibers increases; thus, the contribution of individual single muscle
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fiber action potentials to the recorded MUAP is greatly influenced by the electrode location and
shape. Electrodes with small recording surfaces are more selective; conversely, electrodes with

larger recording surfaces are less selective and make record from a larger area with smaller

amplitudes.
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Figure 2.2: Schematics of intramuscular recording using a concentric electrode.

In this work we limit the scope to the most used approach for clinical applications, using

concentric needle electrodes. Figure 2.2 shows a schematic of a concentric electrode.

The intramuscular recording is also a summation of MUAPs in both space and time similar to
surface MES; in this case the muscle fibers that lie within the tip of the electrode mainly
contribute to the signal. The main differences between the intramuscular and surface recordings

are: 1) intramuscular recordings are more localized and have a higher spatial resolution
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compared to the surface MES, 2) intramuscular recordings have a higher signal to noise ratio
(SNR) because they are less influenced by the skin filtering effects (i.e., spatial filtering), and 3)
the bandwidth of the intramuscular MES is also higher than surface recordings because there is

less tissue between the source and recording site which reduces the tissue filtering effect.

The intramuscular MESs are used commonly for MES decomposition and clinical diagnosis of
neuromuscular diseases [Stalberg and Falck, 1997]. Advances in MES decomposition and

clinical diagnosis will be presented in section 2.5.3.
2.2.2. Surface recordings

The surface MES is greatly influenced by the electrode size, material, and location on the
muscle. Hence, it is very important to follow a set of unified standards to guarantee repeatability

and avoid misinterpretation of the results [Merletti et al., 1995].

For surface MES recordings, several types of different electrodes have been introduced and
studied [Farina et al., 2001]. In this work we limit our scope to bi-polar configuration for two

channel recording.

Two channel recordings using a bi-polar electrode configuration is the most common approach
for clinical assessment of muscle. The two channels are used as inputs to a differential amplifier.
The resultant MES reflects the difference in the electrode potential under the two poles of the

electrode. Schematic representation of this process is shown in Figure 2.3.

The differential bi-polar recordings are a summation of MUAPs in both space and time. It is

important to place the bi-polar electrode between the innervation zone and tendon so that the
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recordings are consistent for one direction of propagation; however, it is difficult to identify the

location of the innervation zone using one set of bi-polar electrodes.

Typical surface MES

Bi-polar
configuration

Innervation
Skin surface zone

Propagation

MUAP direction

Figure 2.3: Schematics of bi-polar electrode placement and surface recording,

The limitations of the bi-polar electrode configuration in identifying the innervation zone,
finding the best recording sites for a specific assessment (e.g., finding the best fatigue site), and
poor spatial localization and resolution, motivate multi-channel recording and grid
conﬁgurations. Several grid and array configurations have been suggested and studied for
different applications [Farina, 1999]. Recently electrode grids are being widely used for different

applications such as signal decomposition [Merletti et al., 2008].
2.3. MES analysis

MES analysis includes signal processing techniques and mathematical procedures that can be
applied to extract information from generic biological signals [Akay , 1996; Merletti and Parker,

2004; Rangayyan, 2005]. MES analysis involves study of the interference pattern that results
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from the simultaneous activation of a coalition of MUs detected by surface or intramuscular
electrodes. In general, the signal processing techniques applied to the surface MES provide a
global description of the bioelectrical activity of the recording site and do not decompose the
signal into individual MUs; thus, extracted information are not directly related to physiological
phenomena. On the other hand, intramuscular MESs are commonly used for MUAP

decomposition [Farina, 2001]. In the reminder of this chapter both scenarios are briefly

addressed.
2.3.1. Time domain analysis

Several factors determine the suitability of a signal feature in a particular application. The
computational complexity for extraction of a feature is always a major factor; time domain
features serve well in terms of computational simplicity and it has been shown that they are very
useful for characterization of the surface MES in several applications [Hudgins et al., 1993;
Merletti and Parker, 2004]. The four most used time domain features of surface MESs are: 1)
mean absolute Vélue, 2) RMS, 3) NZC or sign changes and 4) NT or slope sign changes

[Finsterer, 2001].

The mean absolute value and RMS value are the simplest forms for representing the amplitude
information of the signal. A high mean absolute value and/or RMS value suggest large signal

amplitude and energy. These features are the primary measures for the level of force.

The NZC is the simplest measure of the signal’s frequency content which could be extracted
from the time domain representation. It is also possible to include a threshold to avoid zero

crossings caused by noise [Hudgins ef al., 1993]. The NZC is primarily a measure for muscle
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activation detection and discrimination between high frequency. noise and myoelectric content in
a MES. The sign change of the signal’s derivatives, NT, has been also widely applied for

discrimination between normal and pathological MESs [Merletti and Parker, 2004].

Application of time domain analysis in clinical diagnosis and myoelectric prosthetic control will

be further discussed in section 2.5.

2.3.2. Power spectrum analysis

The power spectral density and power spectrum are widely used for analysis of MESs [Merletti
and Parker, 2004; Proakis and Manolakis, 2006]. The MES can be considered to be wide sense
stationary (WSS) in small intervals (1 to 5 s). The most common technique for estimation of
MES power spectrum is Welch’s method; this method involves windowing and averaging of the
estimates obtained from different consecutive or partially overlapped signal epochs [Proakis and
Manolakis, 2006]. Welch’s method is central to the study of power spectral moments and
percentile frequencies (e.g., MNF and MDN) which is well documented in muscle fatigue studies

and will be further discussed in section 2.4.2.

An alternative approach to Fourier-based power spectrum estimation is based on the methods
referred to as parametric or model-based (instead of non-parametric in case of Fourier-based
approaches). The basis for this type of power spectrum estimation is representation of the signal
as the output of a linear time invariant (LTI) filter with white noise as the input. The LTI filter is
known as the generation model and the power spectrum of the signal could be easily estimated
when the model is identified [Proakis and Manolakis, 2006]. Several different techniques have

been proposed for parametric power spectrum estimation, among which autoregressive (AR)
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modeling is well studied in the context of MESs [Merletti and Parker, 2004]. Parametric power
spectrum estimation is central in MES pattern recognition widely used in different applications
including prosthetic control [Englehart er al., 2003] and MES augmented speech recognition

[Chan et al., 2006] and will be further discussed in section 2.5.
2.3.3. Coping with non-stationarity and temporal localization

Both non-parametric and parametric methods for power spectrum estimation are limited to an
assumption of stationarity (time invariant statistical properties); moreover, they do not provide
any time localization. Thus, special care must be taken for time varying, quasi-stationary
stochastic processes such as MESs. For example, during an isometric contraction the progress of
fatigue will alter the MES statistical properties; this problem is even more dramatic during

dynamic contractions when several other time varying factors affect the myoelectric dynamics

and the MES.

The simplest approach to resolve the difficulties associated with non-stationarity and time
localization is to compute a power spectrum for short signal epochs which could be
approximated as WSS; this will also increase the temporal resolution. This approach leads to
short-time Fourier transform (STFT) and time-varying autoregressive (TVAR) modeling, which

are common techniques for the analysis of non-stationary MESs [Merletti and Parker, 2004;

Proakis and Manolakis, 2006].

2.3.4. Multi-resolution and wavelet analysis

Considering STFT and TVAR, the time-frequency resolution depends on the window length

used for segmentation; a short window leads to a high resolution in time and a low resolution in
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frequency and vice versa for a long window (i.e., time and frequency resolution are dependent
according to the Heisenberg uncertainty principle). This limitation suggests using variable
window lengths for analysis of different frequency ranges might be more informative (i.e., using
long windows for low frequencies and short ones for high frequencies). Using a variable window
length leads to multi-resolution analysis and wavelet transform, which have been also well
studied for the analysis of MESs [Merletti and Parker, 2004; Englehart ef al., 2001]. Further

discussions on the application of multi-resolution analysis and wavelet transform will be

presented in section 2.5.1.
2.3.5. Noise reduction and conditioning

Similar to most biological signals, analysis of MESs is also greatly influenced by noise and
interference conditions. Removing the power line 60 Hz noise has been well studied previously
[Merletti and Parker, 2004]. A simple notch or comb filtering is commonly used for noise
reduction; however, it is preferred to adaptively remove the noise and take special care to
preserve the power spectrum as the simple notch and comb filtering greatly influences the power
spectrum. Adaptive recursive least-squares filtering is an effective approach for removal of noise
and preserving the power spectrum, where a floating channel is used to record the interferences

in the recording environment [Talebinejad et al., 2008].
2.4. Force and fatigue estimation

2.4.1. Force estimation
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Force estimation is likely the most historical and seminal aspect of MES analysis. Foundations of

all MES-based applications are centered on the reflection of the level of force produced by a

muscle in its electrical activity and recorded MES.

As mentioned previously, force production is regulated by two main mechanisms: 1) spatial
recruitment of MUs, and 2) temporal recruitment and firing rate of the already active MUs.
These two mechanisms are present in different proportions and with different strategies in
different muscles. In kinesiological and clinical studies estimation of force from the MES is
attractive to assess the contribution of a single muscle to the total produced force. Previous
studies have shown that there is a high correlation between the level of force and the surface
MES amplitude [Merletti and Parker, 2004]. This correlation was found to be linear in some
muscles e.g., the muscles controlling the fingers and closer to parabolic in other muscles e.g., the
upper trapezius and biceps [Merletti and Parker, 2004]. Differences in the percentage of spatial
and temporal recruitment have been considered as the most likely explanation for these different
relations. It should be noted that it is very difficult to explain the relations between the force and
surface MES amplitude directly from the neural drive; however, apparently both complex
nonlinearities in the relation between the neural drive and surface MES amplitude, and neural
drive and force, balance each other and result into a close to linear relationship between force

and surface MES amplitude [Merletti and Parker, 2004].

Even when discussing the relations between the surface MES amplitude and force during a short
isometric contraction without fatigue, a number of other factors must be taken into account. For
example, surface MES amplitude is greatly influenced by the electrode location, subcutaneous

fat layer thickness, the inclination of the fibers with respect to the detection system, muscle fiber
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CV, MU firing synchronization and cross-talk between the muscle of interest and other nearby
muscles. Thus, force estimation is very limited in terms of repeatability and inter- and intra-
subject comparison. These conditions are even worse with fatigue considerations and/or during
dynamic contractions, because the MES amplitude is also greatly influenced by the progress of

fatigue, speed of contraction and muscle shape and length (joint angle).

It was mentioned that the force is affected by the muscle fiber CV; on the other hand some
studies show that the muscle fiber CV also changes with force. Hence it is very difficult to

unscramble relations between the force and muscle fiber CV [Merletti and Parker, 2004].

The MES power spectrum is also affected by force. In particular the size principle paradigm and
orderly recruitment suggests there might be an increase in the higher frequency content of the
MES caused by the firing of the larger and faster MUs; however, no consistent pattern has been
identified by the researchers so far using conventional spectral moments. In some studies the
MNF and MDN are increased with an increased force level [Bilodeau er al., 1991], sometimes
they are decreased [Bilodeau e al., 1991], and also in other studies the spectral features are
insensitive to force level [Arendt-Nielsen ef al., 1985]. These inconsistencies could be explained

by the different muscles and contraction protocols used in each study [Merletti and Parker,

2004].

Recently different techniques have been proposed for improved force estimation using high
density EMG (multi-channel) [Clancy et al., 2000]; however, these are also limited to the
previously mentioned restrictions caused by fatigue considerations and/or dynamic contractions

[Merletti and Parker, 2004].
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Meanwhile, MES amplitude will likely remain the most important indicator of muscle activation
and force in the near future, simply because there are no substitutes at this time nearly as useful

as MES amplitude (we will introduce a complementary force index in chapter 5).

Figure 2.4 shows sample MESs recorded during an isometric contraction of the biceps with three
different force levels (the electrode location is the same in all cases). It is clearly noticeable that
the amplitude of the signals is increased as the force level is increased. The RMS values could be

casily used in this case to discriminate between the force levels.
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Figure 2.4: Sample MESs recorded during isometric constant force contractions with three different force
levels, 16, 32, and 48 N with RMS values 0.052, 0.183, and 0.343 respectively.

2.4.2. Fatigue estimation

Fatigue was previously introduced in section 2.1.3 as an experience of our daily life, with a very

complex definition. Fatigue estimation is one of the most challenging tasks for researchers in this
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area. Accurate and reproducible fatigue estimation using surface MES is of interest for a wide

variety of applications, including sport performance and clinical studies.

Previous studies have shown that the MES changes characteristically with fatigue and it is
possible to assess the progress of fatigue using myoelectric parameters. During isometric
constant force contractions, muscle conduction velocity decreases with fatigue and this
phenomenon is reflected in a decrease of the MDN of the MES [De Luca, 1984]. Consequently,
tracking the MDN has been well-established as the gold standard for muscle fatigue assessment
with MES under static conditions [Merletti and Parker, 2004]. During dynamic contractions
however, when muscle length (joint angle) and/or force vary, MDN measurements are also
influenced by factors other than muscle fatigue; the depth of active and detectable MUs for
example, has been shown to significantly influence the MES frequency content, and MDN,
through spatial filtering [Merletti and Parker; 2004]. Moreover, muscle innervation zone changes
and/or end-effects also contribute to confounded frequency content. Thus, conventional
frequency parameters are confounded during dynamic contractions [Merletti and Parker, 2004;

Bonato, 2001; Karlsson et al., 2000; Maclsaac et al., 2001a,b].

Different fnethods ﬁave been proposed which show improvement for fatigue estimation when
compared to the conventional MDN during dynamic contractions. Bonato et al. [2000]
developed a new time-frequency approach to track fatigue named the instantaneous mean
frequency. Maclsaac et al. [2001] proposed a processing strategy based on short time Fourier
transform to track fatigue with the mean frequency. Farina et al. [2004] proposed an approach to
track fatigue based on the changes of conduction velocity. Recently, Maclsaac et al. [2006]

proposed a multi-variable approach to extract a fatigue index from multiple myoelectric
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parameters which also shows improvement over mean frequency and instantaneous mean
frequency. The multi-variable approach outperforms single fatigue indices by exploiting more
than one confounded fatigue measure. It is desirable to find more reliable parameters to assess
the myoelectric manifestation of fatigue, which is the objective of this work. Such parameters
could also be used as inputs to the multi-variable approach and would be expected to further

improve its performance and reliability.

These new techniques show improvement compared to conventional MNF/MDN approaches
[Maclsaac et al., 2001a,b], however, accurate fatigue estimation especially during dynamic
contractions is still far from ideal, but current techniques and in particular MNF/MDN
approaches will remain as the main fatigue indices in the near future (we will introduce

complementary fatigue indices in chapters 6 and 8).

We conclude the discussion on fatigue estimation in this section with a typical example of
fatigue estimation during an isometric voluntary constant force contraction of the biceps brachii
until complete exhaustion. The descriptions of the data used in this example can be found in
chapter 4. Figure 2.5 shows the power spectra of MESs recorded from the first 5 s and the last 5 s
of the contraction. The power spectrum is estimated using the Welch’s method with 0.5 s
windowing and 50 % overlap between the consecutive windows. The power spectrum of the last
5 s (MDN = 57.34 Hz), clearly shows a shift towards lower frequencies and a higher energy
(RMS = 0.54) compared to the power spectrum of the first 5 s (MDN = 70.67, RMS =»0.31). Itis
important to note that the contraction is constant force; however the energy of the signal and the
RMS is increased which is most likely caused by the increased averaged firing rate of the MUs

due to the muscle fatigue. This also demonstrates the confounded effects of force and fatigue on
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the RMS of the signal which will be further discussed in chapters 5, 6 and 8. Overall, the MDN

provides a fair index for the muscle fatigue in this simple contraction protocol.
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Figure 2.5: Shift of spectral content of MES towards lower frequencies due to muscle fatigue.

2.5. Applications
2.5.1. MES prosthetic control

The surface MES has been widely researched for control of powered prostheses [Merletti and
Parker, 2004; Englehart ef al., 1999; Parker and Scott, 1985]. This control approach, referred to
as myoelectric control, has found widespread use for individuals with amputations or
congenitally deficient upper limbs. Figure 2.6, shows block diagram schematics of the essential

elements of a normal and myoelectric control system.
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The concept of myoelectric control was introduced in 1940s, however significant progress in
myoelectric control development was achieved in 1960s when the first commercial system
controlling a powered hand was produced in the USSR [Kato ef al., 1965]. Pattern recognition-
based myoelectric control was first carried out in 1968 [Merletti and Parker, 2004], and since

then myoelectric control has made a great impact in clinical applications.

Almost every possible combination of different MES features (including time domain features,
AR, LP, and wavelet coefficients) and different classification schemes (including linear and
polynomial classifiers, artificial neural networks, self-organizing maps, genetic algorithms, and
hidden Markov models) have been well studied and documented [Englehart et al., 1999, 2001,

2003; Hudgins et al., 1993; Chan and Green, 2007].
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Figure 2.6: Block diagram schematics of normal and myoelectric control systems.
Based on [Merletti and Parker, 2004].

Despite the wide variety of studies in this area, simple LP coefficients along with linear
classification is the most used approach for myoelectric control at this time and likely will
remain as the most used approach in near future because its accuracy is very close to other more

complicated approaches [Chan and Green, 2007].
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2.5.2. MES augmented speech recognition

Central to MES augmented speech recognition is the presence of speech information in facial
muscles; that is, facial muscles show unique characteristics when different words (combination
of different phonemes) are uttered. These unique characteristics could be exploited with a pattern
recognition scheme for speech recognition. MES augmented speech recognition (combination of
MES and acoustic speech) shows improved classification accuracy and performance in
environments with acoustically noisy conditions [Chan et al., 2006], because the MES is not

affected by the acoustic noise.

Previous studies are mostly based on whole word level speech recognition [Chan et al., 2006],
but recently this concept has been extended to phoneme-based speech recognition as well

[Scheme et al., 2007]. This area is very new and there are still major developments on the way.

2.5.3. MES decomposition and clinical diagnosis

It has been previously established that MUs are the basic building units of the neuromuscular
system. Studying MU recruitment, and firing rate modulation can lead to an understanding of

motor control and pathological alterations of the neuromuscular system [Zwarts et al., 2000].

Conventionally, for clinical applications the MES is examined by visual inspection and/or
listening to the signal through a loudspeaker and pathological conditions are readily detectable in

severe cases. In neuropathic disorders, the excited motor neurons are reduced in number and
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muscle fibers give larger MUs, which generate MUAPs of higher amplitude and longer duration
than normal. This reflects as a weaker sound from the loudspeaker [Okajima et al., 2000]. In
myopathic disorders, due to loss of individual muscle fibers, MUAPs are low in amplitude and
short in duration. This reflects as a loud sound from the loudspeaker [Merletti and Parker, 2004].
These frequency changes of the MES in neuromuscular disease conditions led to frequency
domain analysis for diagnostic purposes; however, in practice it is easier and more efficient to
exploit the time domain characteristics of MES for discrimination between normal, neuropathic
and myopathic conditions. Traditionally, NT and mean amplitude has been the most commonly
used MES features for clinical examinations and have been also used in commercial EMG
systems [Abel ef al., 2006]. The ratio NT/mean amplitude has been found to decrease in cases of
neuropathy and increase in myopathies [Arabadzhiev et al., 2008]. Recently, several signal
processing techniques have been proposed to improve the traditional turn analysis [Englehart et
al., 1999; Arikidis et al., 2002; Abel et al., 2006]. However, manifestation of neuromuscular
disorders in MES are often subtle, particularly in the early stages of a disease or in less severe
cases, which makes applications of signal processing techniques for automatic diagnosis very
limited in practice. Furthermore, the MES is non-stationary and transient which also limits the
applicability of many signal processing techniques; this has led to a great interest in time-

frequency approaches [Arikidis et al., 2002; Englehart ef al., 2001; Christodoulou and Pattichis ,

1999].

MES decomposition is the process of identification and classification of individual MUAPs in
the MES interference pattern. It is possible to use surface or intramuscular MES for this task.

Traditionally intramuscular MES is the primary basis for MUAP decomposition because it is
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very difficult or almost impossible to identify individual MUs in the surface recordings;
however, recently surface MES decomposition has been improved using multi-channel high

density recordings [Merletti et al., 2008].

Conventionally unsupervised clustering is the main approach for MUAP identification. The

classification accuracy then could be improved with further supervised classification of MUAPs.

Emerging techniques for MES decomposition include, wavelet transform, higher order statistics,

and Bayesian learning approaches [Hamilton-Wright and Stashuk, 2005].

Decomposition for clinical purposes including discrimination between normal, myopathy, and
neuropathic MES has been well studied previously [Stalberg and Falck, 1997]. It is also
interesting to discriminate between different types of neuromuscular disorders directly from the
raw MES to avoid complex decomposition procedures; this aspect will be further discussed in

chapter 7.
2.6. Summary

Electromyography and analysis of MESs are well established areas of research and a
comprehensive introduction is out of the scope of this work. In this chapter, we provided a brief

overview of this area with special stress on the points that will be further discussed in this work.

As it was shown, signal processing techniques and approaches used for analysis of MESs are
well advanced and established and are mainly based on the assumption that the origins of MESs
are inherently stochastic and random; however, there exist great difficulties and limitations for
estimation of force and fatigue. Moreover, the foundations of the current state of the art in MES

analysis for other applications such as myoelectric control, MES augmented speech recognition,
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and clinical diagnosis are still confounded when muscles are moving and/or fatigued; that is, the
accuracy of classification schemes in prosthetic control, and MES decomposition will
dramatically decrease with movement and fatigue. Thus improved force and fatigue estimation

will ultimately elevate state of the art in most MES applications.

On the other hand, given the neuromuscular structure and origins of MESs it seems simplistic to
assume that the MESs are purely random; there is strong evidence of highly non-linear
deterministic and chaotic dynamics in the neuromuscular system (e.g., structured nature of the
MUs). The architecture of the neuromuscular system suggests great potentials to exploit the

multi-scale characteristics of the MESs which is not widely studied.

In the reminder of this work we will focus on multi-scale aspects of myoelectric dynamics and

MESs.
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Chapter 3

3. Multi-scale phenomena and multi-scale analysis of MESs
3.1. Multi-scale phenomena

Analysis of a complex phenomenon regulated by several factors is influenced greatly by the
scales in which the phenomenon is analyzed. Such a phenomenon, also known as a multi-scale
phenomenon is usually seen in complex interconnected systems which exhibit both highly non-

linear deterministic as well as random characteristics [Barenblatt, 2003].

The neuromuscular system also resembles a complex interconnected system (i.e., the central and
peripheral nervous system and muscle), and its electrical activity is also generated from both
structured (e.g., muscle fiber geometry and MUAP shape) and random (e.g., innervation process)
origins. The complexity and the large number of factors affecting the MES (i.e., tens to hundreds
of MUs) suggest multi-scale analysis would be well-suited for the analysis of MESs; a similar
argument could be applied to other biological signals (e.g., the electroencephalogram)

[Bassingthwaighte, 1994].

As mentioned in chapter 2, one way to analyze the MES is to employ conventional techniques
(e.g., RMS, MDN, and AR coefficients). One can attempt to extend the analysis to different
scales by simply repeating the analysis in all possible scales (e.g., by scaling the time axis). An
alternative way is to develop measures that explicitly incorporate the concept of scale and
characterize the MES with scale-dependent information; such measures could effectively

complement conventional signal processing approaches.
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In the reminder of this chapter we will show how it is possible to accomplish this goal based on
chaos and random fractal theory. Four major paradigms for multi-scale analysis of a time series
will be presented and discussed in the context of MESs. These four paradigms are: 1) self-

similarity, 2) long memory, 3) multi-fractality, and 4) chaos. Figure 3.1, illustrates these four

paradigms.
Random Fractals
Power-Law Fluctuation
Sensitivity Analysis

Multiplicative
Modcl

Figure 3.1: Diagram of material covered in chapter 3.

First, the concept of self-similarity which is at the center of fractal geometry, and 1/f processes

will be presented. We will show that the classic 1/fapproach is not directly applicable to MESs.

Second, we discuss the concept of dominant complexity and long memory in the context of
MESs and expand multi-scale analysis to structure-function-based approach and DFA for

quantification of long memory.
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Third, we introduce the concept of multi-fractality and the MCMs and present a practical

approach for MCM modeling.

Fourth, we present a chaos framework for time series analysis. We show that the MESs exhibit
power-law sensitivity to initial condition. We show MESs are not fully random or chaotic, but

they resemble random fractals and chaotic motions on different time scales.

3.2. Fractal geometry

Euclidean geometry is about regular shapes such as, lines, squares, circles and spheres. But most
natural elevations and surfaces such as, mountains, clouds, and coast lines do not follow a simple
regular form, and Euclidean geometry might not be sufficient to characterize them accurately.
This limitation of Euclidean geometry motivated Mandelbrot to create a new branch of science,

the fractal geometry [Mandelbrot, 1968, 1974, 1982, 1997].

The intuitive definition of a fractal is a set that shows irregular but self-similar features on many
or all scales. Self-similarity means that part of an object is similar to other parts or to the whole
object (e.g., Koch’s snowflake [Mandelbrot, 1982]). Fractal geometry provides an elegant

framework for the study of many natural phenomena which show exact or statistical self

similarity.

A train of single muscle fiber action potentials originating from a distinct muscle fiber show self-
similarity because they have a distinct originating source. It is possible to mathematically
demonstrate that superposition of a number of distinct self-similar processes is also self-similar

[Gao, 2000]. Thus, the MES is expected to exhibit characteristics of self-similarity.
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Mathematically, a fractal is characterized by a power-law relation. In the reminder of this chapter

the concept of power-law behaviour is discussed and is extended to MESs.
3.2.1. Morphological power-law behaviour

Imagine, we are tiny people walking on a jagged route similar to a MES. The number of steps we

need to take is a function of our step size. Hence the length of the route could be approximated as

L=N(5)‘£,£—>O, 3.1

where L is the approximated length, N(e) is the number of steps and ¢ is the step size. If M) and

¢ are related to each other with a power-law relation in this form
N(g)~eP,e >0, (3.2)

where D is known as the topological dimension, or morphological dimension. Note, in Eq.(3.2),
~ denotes a functional equivalency between the number of steps and the step size. When D is an
integer the route is a regular surface which could be characterized by the Euclidean geometry.
For example consider a line, N(¢) and ¢ are directly related in this case and we can conclude that
D = 1; that is why a line is known to be 1 dimensional. For an isolated point N(¢) is always 0,
which leads to a D = 0, which is why an isolated point is 0 dimensional. However, for most
natural phenomena D is not an integer and is fractional. For a time series, when D is fractional, it

is in the range 1 < D < 2, and emphasizes a fragmented, and irregular geometry. When D is

fractional it is also known as a fractal dimension.

The relationships between the number of steps and the step size of tiny people walking on a

jagged route is the simplest form of power-law behaviour; this is the basis for several signal
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processing techniques for computing the fractal dimension of a signal (time series, image or
volumes). For example, the two most common methods for the analysis of fractal characteristic
of MESs are the box-counting method [Turner ef al., 1998] and the Katz method [Katz, 1989],
which are directly based on the above definition of fractal dimension [Anmuth et al., 1994;
Gitter et al., 1995; Gupta et al., 1997; Mesin et al., 2008; Shields et al., 2006; Xu and Xiao,

1997].

Despite widespread applications of these morphological methods for the analysis of MESs, we
have previously shown that they associate serious limitations and difficulties [Talebinejad et al.,
2006b, 2007, 2008e]. For example, the estimated fractal dimension (eFD) using the
morphological methods and in particular Katz’s method is highly correlated with the amplitude
of the signal; thus, the eFD simply follows the amplitude and does not provide any information
beyond that. This correlation was noted in [Anmuth et al., 1994; Gitter et al., 1995; Shields et
al., 2006] but the authors failed to recognize the dominant effect of amplitude. Indeed we have
shown that constant amplitude scaling, which should not affect the eFD, is correlated with the
eFD computed by Katz’s method [Katz, 1989]. The box-counting method, results in saturated
fractal dimensions 0.5 above topological dimension for sampled signals; that is, for sampled time
series the eFD with saturate around 1.5. This saturation could be explained by the finite precision
of the sampled signals. For example, saturation of eFD, using the box-counting method, is seen
in [Xu and Xiao, 1997]. In this work, the authors explain that the saturation in eFD is caused by
the saturation of the recruitment of a number of MUs and their firing rate; however, it is more

likely caused by the estimation method itself. These limitations could be explained by the finite
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precision and resolution of sampled data; thus, ¢ is bounded and cannot approach zero

[Talebinejad et al., 2008e].

Overall, for sampled data and in particular for random processes, morphological methods
associate serious difficulties and shortcomings. This motivates methods that exploit the statistical

characteristics of a signal to analyze the fractal characteristics.

But before proceeding any further let us ask this question: how does morphological power-law
behaviour helps us with multi-scale analysis? Well, according to Eq.(3.2) the fractal dimension
could be used to characterize a signal on a wide range of scales were the scale is . We shall

discuss this further shortly.

In the reminder of this chapter we will extend the simple morphological power-law relation to

statistical properties and beyond.
3.2.2. Self-similarity and probabilistic power-law behaviour

It was mentioned previously that central to fractal geometry is the concept of self-similarity. To
introduce a rigorous mathematical definition for self-similarity imagine we are looking for self-
similarity in a deterministic time series (e.g., Weiestrass time series [Turner et al., 1998]).
Intuitively, we have to magnify the signal or zoom into it and look for similar patterns. For a
time series magnifying is equal to scaling the time axis with a scale A, where 0 < A <1. If after

magnifying, the time series keeps its functional form, we can conclude that the time series shows

self-similarity. Mathematically, this could be translated to a relation in this form

X(@)=1"x(1), (3.3)
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where the X(7) is the time series, X(Ar) is the magnified version of the time series and H is the
self-similarity exponent also known as the Hurst exponent, which is a fractional-order. In this
case, after magnifying the time series the functional form of samples is preserved (i.e., self-
similarity) and it is only scaled, exhibiting a power-law relation to the magnification factor A.
The scaling is regulated by the self-similarity exponent, which is related to the fractal dimension
of the time series through a linear transformation. A deterministic time series satisfying Eq.(3.3)
is known as a determinisﬁc mono-fractal, which shows deterministic self-similarity (also known
as self-affinity). This concept could be extended to random processes (e.g., FBM [Turner ef al.,
1998]); that is, instead of exact self-similarity we might observe statistical self-similarity in this

form
P x(1)]= A7 Pr[x(4r)], (3.4)

where the Pr[X(7)] is the probability distribution of the time series, Pr[X(4r)] is the probability
distribution of the magnified version of the time series and H is the self-similarity exponent also
known as the Hurst exponent, which is a fractional-order (Appendix A, shows derivation of
Eq.(3.4) for FBM). In this case, after magnifying the time series the functional form of
distribution of samples is preserved (i.e., probabilistic or statistical self-similarity) and it is only
scaled and shows a power-law relation to the magnification factor A. The scaling is regulated by
the self-similarity exponent, which is related to the fractal dimension of the time series through a
linear transformation. A random time series satisfying Eq.(3.4) is known as a random mono-

fractal, which shows probabilistic or statistical self-similarity (also known as a random scaling

fractal).
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Most remarkably, a statistical mono-fractal shows self-similarity in all aspects of its statistical
properties. For example, it could be mathematically demonstrated that the mean, variance,
autocorrelation and power spectrum of a mono-fractal time series also show self-similarity in this

form

Hx(l="Elxu)l.  G5)

where E[X(7)] denotes the expected value (mean) of the time series X(¢),
Varl X (t)] = 2 Var|x (2], (3.6)

where Var[X(¥)] denotes the variance of the time series X(¢),

Ry [X(O]= 277 Ry [x (ar)], (3.7)

where Rx[X(¢)] denotes the autocorrelation of the time series X(7),
S(f)=x"1s(114), (3.8)

where S( /) denotes the power spectral density of the time series X().

Statistical mono-fractals are the most intensively studied form of fractals. They have found
numerous applications in many areas of science and engineering. In signal processing, the most
common approach for characterizing fractal characteristics of a signal is based on the power

spectrum analysis and solution of Eq.(3.8) which is in this form

S(f) =1, 3.9)
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which shows that the power spectrum of a statistical mono-fractal shows a power-law relation
with frequency regulated by the Hurst exponent. The processes that show a power spectrum in
form of the Eq.(3.9) are known as 1/f processes and analysis of a power spectrum using Eq.(3.9)
is known as the 1/f approach. Central to 1/f processes is the assumption that the process is
inherently random. Thus, the underlying system responsible for it has infinite degrees of freedom
and state variables. Such a system could be presented in the form of a fractional-order
differential equation with a single fractional-order. This concept is further discussed in section

3.6 along with chaos theory.

The 1/f approaches have been widely studied [Chang et al., 2004, 2007]. These 1/f approaches
include modeling the MES power spectrum with Eq.(3.9), and/or modeling the MES as a 1/f
process and then applying Eq.(3.9) to the power spectrum of the model. Central to these

approaches is an optimization procedure to fit a single line to the 1/f power spectrum; for

example, using a least squares procedure.

However, as discussed in chapter 2, the MES power spectrum does not show 1/f characteristics;
the 1/f processes are mono-phase in terms of slope (i.e., linear) in a bi-logarithmic plot, but the -
MES does not exhibit a linear log-log power spectrum [Talebinejad er al., 2008e]. Thus,
approximating the MES power spectrum as a 1/f power-law is ill-defined. Figure 3.2, shows a

typical MES power spectrum and a typical FBM power spectrum in a bi-logarithmic plot.
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Figure 3.2: Bi-logarithmic plot of (a) typical MES and (b) typical FBM power spectrum.

Raveir et al. [2005], proposed a piecewise 1/f approach to approximate the MES power spectrum
as two 1/f processes as shown in Figure 3.3. In this approach the power spectrum is divided into
two partitions: one high frequency partition and one low frequency. Each partition is
approximated with a 1/f power-law; the slope of each power-law is then held as a fractal
indicator for each partition. The power spectrum modeling involves two separate optimizations

to fit a line onto the high and low frequency partitions.

Power Spectrum (log)

1
Frequency (Hz)(log)

Figure 3.3: Piecewise 1/fapproach for approximating the MES power spectrum.

The piecewise 1/f routine has demonstrated potential and is a systematic research tool for power

spectrum-based fractal analysis that acknowledges the known bi-phase nature of the MES power
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spectrum; however, there are some issues in the methodology. First, the power spectrum is
partitioned into high and low frequency regions according to the peak frequency. This criterion is
not necessarily optimalA for partitioning the power spectrum nor mathematically justified to
present a statistically self-similar behaviour. Second, high and low frequency indicators are
computed separately; how they relate to each other is unclear. In particular, using the 1/froutine
for positive slopes is not mathematically validated to represent a strict self-similar power
spectrum (see Eq.(3.9)). Third, approximating the curve of the MES power spectrum with two

lines as it is done in [Raveir et al., 2005] is not representative of the true power spectrum (high

modeling error).

But before proceeding any further let us repeat this question again: how does 1/f power-law
behaviour and statistical self-similarity help us with multi-scale analysis? Well, according to
Eq.(3.4)-(3.9) the Hurst exponent could be used to characterize a signal on a wide range of scales

were the scale is A.

In Chapter 5, we present a novel approach inspired by the piece wise 1/f approach with which

these limitations and shortcomings are resolved.

3.2.3. Notion of dominant complexity

Let us recall the analogy of tiny people walking on a jagged route represented by the MES. We
have explained that the irregular, and fragmented surface of the route could be represented by a
power-law, whether it is morphological, statistical and mono-phase or bi-phase and similar to
extended self-similarity seen in the MESs. Representing the jagged route by a single power-law
implies the tiny people had more or less the same difficulties throughout the entire route. They

are happy if we assess their frustrations for walking down a bumpy road with a single number as
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the complexity of their route. This implies a single level, whether it is represented by a fractal
dimension, a Hurst exponent, or two fractional-orders, is sufficient to represent the dominant
complexity of the route. But what if the tiny people had a much more difficult route at some
parts of their way, and they believe averaging out their frustrations is not representative? In this

case, a single level of complexity is not sufficient to assess their frustrations.

Now back to signal processing. A signal which could be represented by a single power-law is
known as a mono-fractal. It is appropriate to characterize such a signal according to its power
spectrum. The error associated with the power spectrum modeling in the case of 1/f processes
and bi-phase power-law could also be used to quantify the degree of fractality. Of course,
modeling the power spectrum with a power-law must be accurate enough to conclude the signal
is showing mono-fractality and that the computed fractional-order(s) are well representative of

the actual signal. Since single level complexity may not be sufficient, this has led to the concept

of multi-fractals.

In the reminder of this chapter we investigate other aspects of multi-scale phenomena and look

for solutions to resolve shortcomings of single power-laws and dominant complexity.
3.3. Long memory and structure-function-based multi-fractal analysis

Previously, the 1/f processes and the Hurst exponent were introduced. The fractal dimension and
the Hurst exponent could be also interpreted in terms of persistence of a process. For a time
series the Hurst exponent H ranges between 0 and 1. When 0 < H < 1/2, the 1/f process is said to
have an anti-persistent correlation, which means it has a high fractal dimension and is very

random (e.g., white noise). Similarly, when 1/2 < H < 1, the 1/f process is said to have a
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persistent correlation, which means it has a low fractal dimension and is very structured (e.g.,
coloured noise). In the same line, a persistent 1/f process is said to have long-range-dependency
or long memory which is a result of being structured and having a low level of randomness; in
other words, a process with long memory is more predictable compared to an anti-persistent
highly random process. For example a line with a dimension of 1 is very persistent and highly

predictable, but white Gaussian noise with a fractal dimension close to 2 is anti-persistent with a

high randomness.

A popular approach for assessment of long-rang-dependency and long memory of a time series is
the structure-function-based analysis [Gao et al., 2007]. In this approach, first a random walk

k), k=1, 2, ... ,N} is constructed from a zero mean time series {X(¢),7=1, 2, ... ,N} as
k
yk)=Y X, (3.17)
t=1

After the random walk is constructed a structure-function is defined in this form
zq(m)=<|y(k+m)—y(k)[">~mé“(q), (3.18)

where < > denotes averaging over all possible pairs of (y(k+m),y(k)), varying k. We then
examine whether a power-law relation exist between the Z and m for some real value of ¢, which
is a moment-order. If a power-law regime exists, the time series shows fractality. Negative and
positive g values emphasize small and large absolute increments of y(k), respectively. Thus, the
approach allows focusing on different aspects of the random walk. Moreover, if the Hurst

exponent, H(g) defined as
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H(g)=¢()/q (3.19)

is a constant function of g, the time series is said to be mono-fractal with a single level of
complexity; otherwise, the time series is a multi-fractal. How well the power-law relation of
Eq.(3.18) is approximated by a single line in a bi-logarithmic plot also gives a measure of the
degree of fractality. It is possible to show that the fractal dimension of a time series could be also
computed based on the H(q), where H(q) quantifies the randomness of the underlying renewal

process responsible for a time series.

To better appreciate this approach let us return to our analogy. We ask the tiny people to keep a
record of their route (random walk construction). Then compare different parts of the route with
each other. If the differences are negligible we conclude that their route was a mono-fractal;
otherwise a single complexity measure was not enough to assess the route and the road was
multi-fractal. If a time series is multi-fractal, there are potentially infinite ways to quantify its
complexity (i.e., fractal dimension) with different values of ¢, and a single fractal dimension is

not enough for representation of the time series.

Linear or other trends often exist in experimental data which might deteriorate the fractality of a
signal [Peng et al., 1995]. Thus, it is recommended to perform de-trending before the application
of structure-function-based analysis. A simple approach for de-trending a time series is to divide
the random walk into a number of partitions, approximate each partition with a linear regression,
and then apply the structure-function-based analysis to the differentiated time series from the

approximated lines in each partition [Peng et al., 1994].
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Another popular approach for detrended structure-function-based analysis is known as multi-
fractal DFA [Chen ef al., 2002, 2005]. In this approach, after the random walk is constructed, it

is divided into LN / mJ non-overlapping segments (U is the floor operator which rounds down

to the nearest integer). Each segment is then approximated using a linear regression, which is
known as the local trend. Finally, a detrended random walk, which is the difference between the
original random walk and the local trend, is computed [Hu ef al., 2001]. The detrended random

walk is denoted as {yAk), k=1, 2, ... ,N}. One examines an ensemble average in this form
Z‘?(m)=<z |yd(k)|q>~ m¢@, (3.20)
k=1

where <> denotes averaging over all possible segments, varying k, and then examines whether a

power-law relation exist between the Z(m) and m for some real value of g, which is a moment-

order.

In Chapter 6, we will discuss DFA in the context of MES and introduce a new approach for

fatigue estimation.
3.4. Multi-fractality and multiplicative model

Another interesting aspect of random fractal theory is the MCM. MCM has been studied
previously for modeling internet traffic [Gao, 2000; Gao et al., 2007; Zheng et al., 2005]] and

neural activity [Zheng et al., 2005]. Central to MCM is the concept of multiplicative multi-

fractality [Oswiecimka et al., 2005].
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Consider a unit interval, associated with a unit mass, which can be partitioned into a series of
small intervals with length e. Let w; be the weight associated with the ith interval. The sum of the

weights, subjected to a moment order, is expressed as

M (e)=> ", (3.21)

where g is a real moment-order; positive values of ¢ emphasize the large weights and negative
values of ¢ emphasize the small weights. If there exists a power-law regime between the

moments and the length of intervals in this form

M, ()~ e >0, (3.22)

q

for real valued g and 1(g), the weights show fractality [Gao et al., 2007]. For a better

characterization, 7(q) is normalized in this form
D, = r(q)/(q - 1) s (3.23)

where D, is known as the generalized dimension spectrum. If D, is a constant function of g, the
weights are mono-fractal; otherwise, they are multi-fractal [Gao et al., 2007]. In practice, the
length of intervals & may have a finite precision (e.g., sampled signals), and the above definition

of a single-stage MCM is not directly applicable.

As an alternative to single-stage MCM, a multi-stage MCM could be adopted, which is more
appealing when working with sampled time series. At stage 1, a unit interval associated with a
unit mass, could be partitioned into two fractions, » and 1 - r and assigned to the left and right

segments, respectively. In general, the parameter » (multiplier) is a random variable regulated by
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a probability distribution function. Each of the new segments could be further partitioned into
two fractions following the same rule applied to the unit mass (i.e., dyadic partitions) at each
stage up to stage N. At stage N, the model reaches the smallest resolvable scale (i.e., finite
precision). This procedure is illustrated schematically in Figure 3.4. The multiplier r, is written
as ry, with 7 indicating the stage number, and j indicating the position of a weight within a stage.

Note that the scale or precision associated with stage i is 2".

Figure 3.4: Schematic illustrating the construction of a MCM with N stages.

When we have access to a time series, constructing a MCM model can be carried out in the
reverse direction; that is, starting at stage &, and by dyadic combination of all samples [Gao et
al., 2007]. This procedure is illustrated schematically in Figure 3.5 for a signal {X(¢)} with 8
samples, which are normalized to have a sum of one. The weights are simply added in a dyadic
format. Note that after construction of this model by summation, it is possible to represent it in
the form of a multiplicative model similar to Figure 1, by starting at stage 1 and computing the
multipliers 7; at each stage (e.g., r21 = [X(1)+X(2)+X(3)+X(4)] and ry, = 1-r2;). Thus, Figures 3.4

and 3.5 are inter-changeable when N = 4.
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Figure 3.5: Schematics of reverse MCM modeling for a signal with 8 samples.

The generalized dimension spectrum D, could be computed readily with Eq.(3.21), based on a
MCM model similar to Figure 3.5 (in this case with 4 stages) [Gao ef al., 2007]. Moreover it is
possible to show that the multipliers show a normal distribution around 0.5 for experimental data
and that the variance of their distribution is closely related to randomness, long memory, and the

Hurst exponent [Gao et al., 2007; Kantelhardt et al., 2001, 2002].

Several interesting models have been based on such multiplicative procedure in science and
engineering with different multiplier probability distributions (e.g., binomial, Gaussian, and etc),

for example for modeling turbulent fluid with a Poisson distribution [She et al., 1991].

In chapter 7, we introduce MCM for the analysis of MESs. We show the simulated needle MESs

exhibit multi-fractal characteristics. We also introduce a new method for discerning neuropathic

signals based on MCM.
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3.5. Chaotic time series analysis

So far with random fractal theory we have been assuming that the MESs are inherently random.

.Such signals could be presented in the form of a fractional-order differential equation.

Let us pose the question: can a highly irregular time series arise from a deterministic system
which has a few degrees of freedom and state variables instead of a random system? The answer
is yes; a chaotic system is capable of just that [Sprott, 2003]. This is also referred to as chaos
theory. At the center of chaos theory is the concept of sensitive dependence on initial condition;
that is, a minor disturbance in the initial conditions of a chaotic system leads to entirely different
outcomes. Mathematically, sensitive dependence on initial condition is characterized as an

exponential divergence in this form
&)~ £(0)e, (3.24)

where &(0) is a small disturbance at time 0 causing a small divergence between two trajectories,
&(7) is the effect of that small disturbance at time ¢ which is a large exponential divergence
between the two trajectories, and A; is the largest positive Lyapunov exponent. Moreover,
because the trajectories are bounded after an exponential divergence they are on average
attracted to a point in the phase space known as a strange attractor, which is also characterized by
its power-law behaviour and is a fractal [Hu, 2007]. Conventionally, it is assumed that a time
series with an estimated positive largest Lyapunov exponent and a fractal dimension is chaotic
(however a counter—exémple is a 1/f process, this will be further discussed shortly). This is the
basis for the dynamical test of chaos in which a set of phase space vectors are constructed by

embedding and delaying a time series of the form
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V, =[X (@), X G+ L)y, X G+ (m—1)L], (3.25)

where m is called the embedding dimension and L the delay time. After phase space construction
the Lyapunov exponents could be estimated. There are several approaches for estimation of
Lyapunov exponents. In this work we will describe an interesting approach with which it is also
possible to optimize the embedding of Eq.(3.25), known as time-dependent exponent curves

[Gao and Zheng, 1994]. In this approach a set of measures are defined in this form

itk Vj+k

Alk)= <log[|VV - ]> (3.26)

-7,
where < > denotes ensemble average of all possible pairs of (V},V)) defined by Eq.(3.26). The

most remarkable feature of Eq.(3.26) is that A(k) also includes a notion of scale where the scale
is k denoting the difference between the phase space vectors in the numerator also known as
evolution time. Moreover, A(k) could be used to estimate the Lyapunov exponents on a wide

range of scales determined by the evolution time % as

log k)~ Alk)= <1og(_;_

]> 329

Now back to the dynamical test for chaos. It is possible to show that a 1/f process might have a

positive Lyapunov exponent; moreover, as we have shown in the beginning of this chapter a 1/f
process also has a fractal dimension. But clearly a 1/f process could be inherently random and

not chaotic. This is where the conventional dynamical test for chaos fails.
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In the reminder of this section we will present a new concept known as power-law sensitivity to
initial condition, which was first introduced by Gao et al. [2007]. This provides an interesting
framework within which it is possible to address the shortcomings of the dynamical test for
chaos in the case of 1/f processes and also bridge the gap between random fractal theory and
chaos theory [Cencini et al., 2000]. Moreover, this new concept also helps in better

understanding of MESs and answering this question: is MES random or chaotic?

3.3.1. Power-law sensitivity to initial condition

Let us recall the essence of chaos which was exponential sensitivity to initial condition and was

represented in this form
&)~ £(0)e™, (3.28)

which satisfies
dé(e)
0 M) (3.29)

Now consider a generalized form of Eq.(3.29) in this form

%f’)wq:(t)q, (330)

where the parameter g has been introduced. When g = 1, Eq.(3.30) reduces to the conventional
exponential sensitivity to initial condition of Eq.(3.29) and characterizes a chaotic time series.
But when g < 1, as we will show, Eq.(3.30) interestingly includes 1/fprocesses. Recall a 1/ftime

series {X(7)} and its power-law behaviour which was reflected in the variance as
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Var| X(1)]= 27 Var|x (41)], (3.31)

where H is the Hurst exponent. Eq.(3.31) implies the variance of {X(f)} increases with ¢ in this

form
Var[X(t)] =17 . (3.32)

Consider Eq.(3.32) as a exponential divergence caused by the increasing variance with evolution
of time and notice the striking similarity to the exponential sensitivity to initial condition.
Eq.(3.32) also satisfies

dVar [X ( )]

. H" = HVar[X(t)]“% , (3.33)

and by translating Eq.(3.33) into the form of Eq.(3.30), we find that

1
=1-—, 3.34
q = (3.34)
and
A, =H, (3.35)

where for a valid Hurst exponent in the range 0 < H < 1, the parameter g is within this range -oo <
g < 0. This explains why, for a 1/ftime series, the largest Lyapunov exponent is positive and the
time series also has a fractal dimension while it is not chaotic; that is, the divergence of variance
which is an immediate result of statistical self-similarity resembles exponential sensitivity to

initial condition and could be mistaken as chaos.
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Interestingly, the above discussion suggests the time-dependent exponent curves computed from
the phase space vectors will also show power-law behaviour with the evolution time in the case
of 1/f processes but they have a linear envelope for a chaotic motion. This could be used to
characterize the edge of chaos in a time series and understand whether a time series is fully

random, chaotic or neither [Gao et al., 2007].

Now back to the neuromuscular system and MESs. As previously mentioned the neuromuscular
system is comprised of both structured and highly non-linear deterministic (MUAPs) and random
contributions (innervation). Figure 3.6, shows the time-dependent exponent curves for a typical
surface MES with evolution time k, ranging between 1 to 100 when the embedding dimension m

= 3, and time delay L = 1.

Edge of chaos Chaotic

Random fractal

0 0.5 1 1.5 2 2.5 é 3.5 tli 4.5
in(k)

Figure 3.6: Time-dependent exponent curves for a typical MES. The plot implies the MES is neither fully
random nor chaotic.

Figure 3.6, shows that in small scales (small evolution time before ¢>?) the MES exhibits random
fractal like characteristics (power-law behaviour) and for larger scales chaotic characteristics

(approximately constant envelope). Thus, the MES is neither fully random nor chaotic. This
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result is expected given the origins of MESs which are not fully random or fully chaotic
including structured deterministic and stochastic contributions. These results motivate applying

random fractal theory in conjunction with chaos theory for characterization of MESs.

In Chapter 6, we will show the Hurst exponent computed using DFA is saturated around zero at
higher scales where the samples do not show long-range correlations and are anti-persistent. The
scaling in DFA is very close to the scaling involved for computing the time-dependent curves.
An increased evolution time in Eq.(3.26), suggests a wider ensemble with more samples which is
consistent with an increased scaling in DFA. According to the time-dependent exponent curves
the signal resembles a chaotic motion at higher scales where the Hurst exponent is saturated
around zero; thus, it would be interesting to characterize the complexity of the signal at these
higher scales, especially because random fractal theory is not adequate. One way to deal with
this problem is to employ time-dependent exponent curves. [Tsallis et al., 1997]. Estimation of
time dependent exponent curves is not easy and associates practical difficulties [Gao et al.,
2007]. This motivates using equivalent methods that are more appealing in terms of computation
and provide a measure of complexity for chaotic motions similar to the time-dependent exponent
curves. In Chapter 8, we will introduce the LZ complexity measure [Amigo, 2004; Costa et al.,
2005; SzcZepaski ef al., 2003], which is a scale-independent measure closely related to the time-
dependent exponent curves. It provides a measure of deterministic complexity anticipated in

chaotic time series. We will also introduce a new framework for fatigue estimation using the LZ

measure.

3.4. Summary
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In this chapter, four major paradigms for multi-scale analysis of MESs, 1) self-similarity, 2) long
memory, 3) multi-fractality, and 4) chaos, were presented.

Each paradigm provides unique scale-dependent information about the MES. In the reminder of
this work each of these aspects are exploited for force and fatigue estimation and discrimination

between normal and neuropathic MESs.
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Chapter 4

4. Simulated and experimental MESs

This chapter includes description of simulated and experimental MESs used in this work. In

figure 4.1, the material that will be covered in this chapter is illustrated.

* Isometric constant force
contractions with variable
force and joint angle

Experimenta

Simulated neuropathic
MESs

* Isometric constant force
contractions

» Cyclic contractions
"« Random contractions

Figure 4.1: Diagram of material covered in chapter 4.

4.1 Simulated MESs
4.1.1. Simulation of surface MESs

As presented in chapter 2, the MU is the smallest independent functional unit of skeletal muscle,
consisting of an a-motoneuron, the descending axon, and the muscle fibers that it innervates. An
activated o-motoneuron sends out a series of neural firings to the muscle fibers. The timing of
each firing, can be modeled as a stochastic point process, which contains important information
regarding the underlying neural structures and strategies of the motor control scheme [Farina et
al., 2001, 2002]. During an isomeﬁc constant force contraction, the a-motoneuron firing

sequences can be further modeled as renewal processes, in which case the inter-pulse intervals
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have identical, independent probability distribution functions. Therefore, the simplest simulation
model for sequences of a-motoneuron firings is to generate independent sequences of random
numbers with an appropriate probability distribution; however, this assumes that there exists no
inter-correlation among the sequences of different a-motoneurons, which is not valid in general.
This has led to introduction of simulation strategies which take into account the MU synchrony
[Merletti and Parker, 2004] and common drive [De Luca, 1982], which are out of the scope of

this work.

An activated muscle fiber produces an electrical depolarization, known as the single fiber action
potential (SFAP). SFAPs originate at the motor end plate, which is the point where the motor
nerve innervates the muscle fiber, and propagates down the fiber axis. The summation of the

SFAPs from the muscle fibers within a motor unit is known as the MUAP as shown in figure 4.2.

i\
*

Motor end plate

sEmaENy
L “ay
* .,

_|_

f

o-motoneuron
Muscle fiber

MUAP

Figure 4.2: Schematics of MUAP generation from the superposition of SFAPs.

Each MUAP has the same wave shape if the measurement geometry remains constant because

the action potentials are all-or-nothing phenomena. The MUAP train can be modeled as the
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mathematical convolution of the firing instants (a sequence of impulses) with the MUAP wave
shape. The MES can be considered as a signal where the contributions of all active MUs are
summed. Contributions of the individual MUs can barely be recognized because of the extensive
overlapping when there are a large number of active MUs. Nevertheless, the surface MES’s
global characteristics are largely dependent on the properties of the contributing MUs such as
number, firing rate, and depth of active MUs and muscle conduction velocity; Figure 4.3 shows a

schematic of MES generation.

T 1 — | MUAP(1) | —p M/_,\L
T T T —p | MUAP (D) | J\r......_..___ M
_|_

A SN o R N N

Figure 4.3: Schematic of MES generation from superposition of MUAPs.

The total duration of a single fiber depolarization is around 2-3 ms according to [De Luca, 1989]
and other similar studies [Merlleti and Parker, 2004]. The number of fibers in a MU is greatly

variable. Ideally, it is of interest to randomize the number of fibers in each MU with a normal
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distribution with mean around 40 and variance around 20. The biceps contains 100 to 300 MUs.
For moderate contractions 10 to 30 active MUs is very much consistent with experimental data.
For higher level contractions it is not expected that 50 MUs fire at one time. For an average
biceps length around 10 to 15 cm, expected fiber length is 2 to 3 cm. Considering the innervation
zone at the belly of the biceps (right in the middle of biceps) a standard electrode location is 2 to
3.5 cm away from the innervation zone. It is very important that the electrode is not exactly on
the innervation zone as it was discussed in chapter 2. The innervation zone will have some
dispersion which is normally assumed to be around 2 to 3 mm for a healthy muscle. The inter-
pulse intervals between the MUARPs or the firing rate is expected to be around 100 ms or 10 Hz
for moderate contractions with some deviation the firing rate is likely higher around 50 ms or 20
Hz for higher levels of contraction. The depth of detected MUs is greatly influenced by the fat
layer under the skin and other physical characteristics of a human. According to experimental
data and by comparison of the MDN and bandwidth of experimental and simulated MESs, on
average it could be anywhere between 5 to 20 mm. The muscle fiber conduction velocity is
reported to be around 6 to 8 m/s for a non-fatiguing condition and could decrease to 2 to 3 m/s
[De Luca, 1989]. To emulate the effects of muscle length (joint angle), and fatigue the depth of

detected MUs and muscle fiber conduction velocity could be manipulated.

A set of simulation parameters for surface MESs, for an average size muscle like the biceps
brachii, which are very useful for researchers to unify their simulations and repeatability of their
experiments, are integrated and presented in table 4.1. Values are based on the references and

discussions presented in this section.
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Table 4.1: Myoelectric parameters for simulation of surface MESs during biceps contractions.

_ Depolarization #offibersin | #ofactive | ’e'.n th of fi Distance from innervation
duration MU + MUs e . zone to electrode
2-3 ms 20-60 10-50 2-3 cm 2-3.5 cm
Innervationzone | MUAP inter- Depth of Muscle fiber ElistrodibronLties
dispersion . pulse interval detected MUs | conduction velocity prop
-3 mm 50-100 ms 5-25 mm 2-8 m/s Bi-polar with 4-5 cm
o =10-20 ms c=5-10% 0=3-5% separation between the poles

4.1.2. Simulation of needle MESs

Most commonly clinical MES analysis is performed using needle recordings. The essentials of
needle recording were presented in chapter 2. The principles of simulation for needle recordings
are also very similar to the discussions that were presented in the previous section. There are
several available software applications for simulation of intramuscular MESs; in this work we
use a simulator previously developed by Hamilton-Wright and Stashuk [2005]. This simulator is
interesting because it allows for emulating neuromuscular disorders including the myopathic and
neuropathic conditions that were explained in section 2.5.3.

In the model, MUs are positioned within a circular cross section of a cylindrical muscle. The
overall muscle radius is estimated based on the number of MUs to be simulated, their expected
MU territory diameters and fiber densities. The algorithm used to position MU territory centers
is analogous to the scattering of seeds across a surface. A given MU territory center location is
determined by adding a random number and offset to a point randomly chosen from a regular
grid. Once MU territory centers are placed, fibers are assigned to MUSs. This process occurs as
the axon of a motor neuron grows into a region of muscle and produces twigs which attach to a
set of nearby fibers. This development, over a cross section of mature muscle fibers, appears to

be randomly assigned among the selection of MUs which cover the region. Muscle fibers of
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different MUs appear to be randomly interleaved and adjacent fibers are not likely to belong to
the same MU. The last step in the physical construction of the muscle is to determine the
coordinate of the neuromuscular junction for each fiber. The neuromuscular junction positions,
and muscle fiber conduction velocities, are the major causes of temporal dispersion among the
muscle fiber potential contributions of the fibers within an MU and, hence, of the complexity of
the MUAP spike component. The neuromuscular junction locations for a single MU are assumed
to be Gaussian distributed with zero mean, and a standard deviation based on the MU territory
diameter. During signal simulation the electrode tip or side port location is typically specified in
order to explore various quadrants of a muscle. Figure 4.4, shows a schematic of a muscle, MU,

fibers, and electrode based on this model.

Muscle Radius

/ Nejile

Figure 4.4: Location of muscle, MU, and fibers relative to a concentric needle electrode.
Based on [Hamilton-Wright and Stashuk, 2006].

This model incorporates important aspects of neuromuscular physiology and the development of

the physical structure and organization of muscle, and MESs generated by this model reflect the
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structure and activity of a muscle in a way similar to the reflection provided by real signals
detected from real muscle. Table 4.2, summarises the model parameters used for simulation of

intramuscular MESs.

Table 4.2: Myoelectric parameters for simulation of needle MESs during biceps contractions.

#0f MUs # of fibersin MU / Muscle fiber density [ Muscle fiber area MU diameter
40 2 Min: 2 mm
200 6 =20 10 mm’ 0.0025 Max: 8 mm
Firing ' - = . ' Neuropathic Reference
rate i Hlertrate properties - affection setting =
Min: 8 Concentric
Hz 10 % of maximum voluntary | Cannula radius and length= | 50 % of the muscle Tip versus
Max: 20 contraction 0.5 and 10 mm fibers cannula
Hz

More details on this simulator can be found in [Hamilton-Wright and Stashuk, 2006]. Additional
settings were considered for neuromuscular disorders. For simulation of neuropathic MESs the
model allows MU enlargement and de-ranged neuromuscular junctions by adjusting a parameter
between 0 to 75 %, which denotes the percentage of MUs that are affected by enlargement and

de-ranged neural drive. We simulated neuropathic signals when 50 % of the muscle fibers were

affected by the neuropathic condition.
4.2. Experimental MESs
4.2.1. Non-fatiguing isometric constant force contractions

Data were collected from ten healthy males (age 22 to 34; average age 26). MES signals were
recorded from the belly of the biceps brachii of the right arm using surface Duotrode electrodes
(Myotronics, USA, model 6140), which are an Ag-AgCl electrode pair spaced 1.9 cm apart. An

Ag-AgCl Red Dot electrode (3M, USA, model 2237) was placed on the elbow as a reference
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electrode. The MESs were amplified (Grass-Telefactor, USA, model 15A54) and sampled at
1000 Hz using a 12-bit analog-to-digital converter board (National Instruments, USA, model
PCI-6071E). The amplifier’s variable gain was adjusted between 100 and 1000, such that the
maximum dynamic range of the analog-to-digital converter was used without over-ranging. The
amplifier’s filters were set with a pass band of 1 Hz to 300 Hz. This frequency range was
assigned considering the higher degree of self-affinity of the MES obtained using local fractal
analysis in the range of 20 Hz to 280 Hz. This research was reviewed and approved by the

Carleton University Research Ethics Committee.

A central pulley apparatus, shown in Figure 4.5, was used to elicit constant force contractions at
four joint angles: 60°, 90°, 120°, and 150°, where 180° is considered full elbow extension. Three
weights were used in this study: 1.13 kg (2.5 1b), 2.27 kg (5 Ib), and 3.40 kg (7.5 1b), requiring a
moment of 16 N, 32 N, and 48 N on the handle, respectively, to maintain a constant joint angle.
The moment is always orthogonal to the line connecting the handle to the center of the apparatus.
Each contraction was held for 18 seconds and there was at least 1 minute of rest between each
trial to avoid muscle fatigue. The first 3 seconds of recorded data during the 18 second
contractions were removed before processing to avoid the transitional period. Each subject
repeated the contractions for all twelve joint angle-force combinations three times. Joint angle-

force combinations were randomized to avoid ordering effects.
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Figure 4.5: Central pulley apparatus, where w, is the weight and F,, is the required moment by the weight.

Pre-processing noise reduction (i.e., in particular 60 Hz power line noise) and power spectrum
estimation are critical stages in MES processing. A reference 60 Hz power line noise was
simultaneously recorded during the data collection. Using this noise data, power line interference
was filtered out from the MES data using a second order recursive least squares adaptive noise

cancellation filter [Monson, 1996].
4.2.2. Fatiguing contractions

These data were previously reported in [Maclsaac ef al., 2006]. Ten healthy subjects (average
age 25 years) participated in this experiment. The apparatus used during the fatigue tests
consisted of a large disc attached to a central pulley at its axis as previously described in
[Maclsaac et al., 2001b]. The central pulley and disc were supported with a frame allowing each
participant to rest the upper arm upon a platform while flexing and extending at the elbow which
was aligned with the pulley-disc axis (similar to the apparatus shown in Figure 4.5). The disc-

pulley apparatus was equipped with an ergonometer so that joint angle could be monitored and
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recorded. The ergonometer also was used to provide a visual target for the user to have real-time

feedback on their joint angle.

During the full course of each fatigue test, the surface MES was measured from the biceps
brachii using a set of Ag-Ag/Cl Red Dot surface electrodes. Electrodes were placed midway
between the belly of the muscle and the tendon on the proximal side, approximately 2 cm apart,
in bipolar configuration. From the electrodes, the MES was processed first through a preamp
configuration described previously in [Lovely, 1993], and then through a Tektronix AMS502
differential amplifier system. The combined gains were set between 1 K and 40 K, depending
upon the participant, and the low and high cutoff frequencies of the amplifier were set to 1 Hz
and 1000 Hz, respectively. From the amplifier, the signal was connected to an oscilloscope for
display, and through an anti-aliasing filter (cutoff frequency, f. = 500 Hz) for digital storage.
Both the MES and the signal from the ergonometer were sampled at a rate of £ = 1024 Hz and
recorded through a National Instruments CIO-DAS16/33i A/D board as described previously in

[Maclsaac et al., 2006].

Each participant underwent three fatigue tests: 1) static test, 2) cyclic test, and 3) random test.
For the static test, each participant held a load (30% of a maximal voluntary contraction held at
130°) with the elbow fixed at 90° until the static position could no longer be maintained. For the
cyclic test, participants flexed and extended at the elbow to track a target displayed on a
computer screen until the arm could no longer be lifted through the motion. The target moved
cyclically between 50° and 130° at a rate of about 32°/s. For the random test, participants also
tracked the target until the arm could no longer be lifted through the motion, but for this test the

target moved randomly according to a uniform distribution between 50° and 130°, also at a rate
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of about 32°/s. During all three tests, participants received real-time tracking feedback by
observing a signal from the ergonometer, properly calibrated, on the computer screen alongside
the target. Because a number of reasons can cause participants to end a fatigue test without
fatiguing (psychological motivation, non-muscular related injuries etc.), a downward trend in
sequential MDN estimates obtained from static MES segments was used to verify that
myoelectric changes were manifesting as fatigue progressed, so it was necessary to intermittently
interrupt each dynamic test with a static contraction. Thus, at the beginning of every minute
during both the cyclic and random fatigue tests, the target remained fixed at 90° for 10 s as
described previously in [Maclsaac ef al., 2006]. An ANOVA analysis was then employed to
confirm the presence of myoelectric manifestation of fatigue for all data. The ANOVA tested for
significant slope of changes in the MDN (significance threshold a7 = 0.05), which indicates the
presence of myoelectric manifestation of fatigue. The presence of myoelectric manifestation of
muscle fatigue was confirmed for all tests and all subjects as the MDN exhibited a significant

downward slope (p < 0.05).

A reference 60 Hz power line noise was simultaneously recorded during the data collection.
Using this noise data, power line interference was filtered out from the MES data using a second

order recursive least squares adaptive noise cancellation filter as described previously in section

4.2.1.

This chapter included description of simulated and experimental MESs used in this work. The

experiments and results carried on these data will be presented in next chapters.
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Chapter 5

5. Self-similarity: Bi-phase power spectrum method

The ubiquity of confounded force, muscle length (joint angle), and fatigue effects in MESs was
covered in section 2.4. It was also demonstrated in section 3.2.2, that the MES power spectrum is
not mono-phase. In this chapter we introduce a bi-phase power-law which could be used to
characterize an extended form of self-similarity. A novel power spectrum-based method, named
BPSM, for multi-scale analysis of MESs is also presented. Using human experimental data, we
show BPSM provides parameters that have distinct sensitivities to force, muscle length (joint

angle), and fatigue.
5.1. Extended self similarity and bi-phase power-law behavior

The MES power spectrum does not resemble mono-phase 1/f characteristics (section 3.2.2). The
power spectrum of surface recordings of the MES, during moderate contractions, exhibits a bi-
phase curvature; this is what motivated Raveir ef al. [2005], to propose a piecewise 1/fapproach.
As previously discussed in section 3.2.2, this method has its limitations.

We take a step ahead and push the envelope even more} and ask this question: are there other
forms of self-similarity which better represent MESs? The answer to this question is yes. As we
zoom into a signal, if the functional form of samples or the distribution of samples remains
unchanged and only scaled, self similarity is observed. In case of 1/f processes, the functional
form of the distribution of samples is preserved with magnification and they are subjected to a
scaling and show a power-law regime which is regulated with a single fractional-order. The key

to a more general form of self-similarity is that the scaling could be regulated with more than a
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single fractional-order. For example, in the case of the MES power spectrum a tempting power-
law is one that is bi-phase regulated by two fractional-orders; a fractional-order for lower
frequencies and a fractional-order for higher frequencies.

Following Tatom [1989], we propose a bi-phase power-law in this form

L A —

where S( /) denotes the power spectrum of the time series X(¢), ¢ is a scaling factor related to the
energy of the signal according to Parsval’s theorem [Monson, 1996], g is a fractional-order
regulating the power-law in lower frequencies, ¢ is a fractional-order regulating the power-law in
higher frequencies, and f; is a characteristic frequency in which the power spectrum phase
changes and governs the separation of high and low frequency partitions [Talebinejad et al.,
2008e].

The most remarkable characteristic of this bi-phase power-law is that a time series with such

power spectrum shows extended self-similarity in this form

P (s£,)|= 2 Prlx s 1/ 2), (5.2)

which denotes by scaling the time axis or magnification of the time series X(¢) with 4, the
functional form of the probability distribution of samples is preserved and they are only
subjected to a scaling and show a power-law regime in form of the Eq.(5.1) which is regulated
by two fractional-orders (Appendix B, shows the derivation of Eq.(5.2)). Central to a bi-phase
power-law is the assumption that the process is inherently random and the underlying system
responsible for it has infinite degrees of freedom and state variables, and is in the form of a

fractional-order differential equation with two fractional-orders. This concept was discussed in
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section 3.5 along with the chaos theory. Figure 5.1, shows a typical MES power spectrum,

recorded from the biceps during a moderate contraction, modeled using the bi-phase power-law.

Power Spectrum (log)

10' 10°
Frequency (Hz)(log)

Figure 5.1: A typical MES power spectrum modeled using the bi-phase power-law.

The bi-phase power-law provides an accurate approximation for the MES power spectrum,
which suggests MESs show extended self-similarity. The bi-phase power-law also implies that
the high and low frequency content of the MES show distinct self-similarities, and the
sﬁperposition of them shows an extended form of self-similarity.

This bi-phase power-law leads to several interesting properties. First of all, ¢ and g give distinct
frequency association; that is, the asymptotic form of the power-laws in the higher and low
frequency ranges are independent from each other which can be written in a slope-intercept form

(ie.,y=mx+b)as

S(f) s z2g-1010g10%+1010gmc for 0< f<<fy, (5.3)
0

S(f) . = —2q'1010g10%+1010g10 c for F>> £, (5.4)
]

where in Eq. (5.3) and Eq. (5.4) the asymptote slopes are controlled separately by g and ¢, the
static gain ¢ controls the intercept of the high and low frequency power spectrum, and f; is the

knee frequency. In this chapter, we will exploit this characteristic and demonstrate that g and g
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could be used to separate the effects of force and joint angle which are confounded in
conventional MES parameters [Talebinejad et al., 2006, 2007, 2008a].

Moreover, a frequency compression (i.e., scaling in the frequency domain, /' — ff"), will not
affect the fractional-orders; that is, the fractional-orders are insensitive to spectral compression
due to the homomorphism of the power-law. In this chapter, we will exploit this characteristic
and demonstrate that the g and g are also insensitive to muscle fatigue and spectral compression
due to decreased muscle fiber conduction velocity, and ¢ could be used for force estimation -
during fatiguing contractions which is not possible using the conventional MES parameters
[Talebinejad et al., 2007, 2008c, 2008d].

5.1.1. Power-law estimation

It is also important to note that the optimization in 1/f approaches is trivial and can be easily
accomplished (e.g., least squares line fitting). The general estimation problem for the four
parameters of Eq. (5.1) is not easily solved, mainly because of difficulties in linearizing S(f) with
respect to fy; however, once an estimate for f; is established, estimates for ¢, g and ¢ can be
computed using a standard least squares method. After the computation of ¢, g and ¢, an iterative
procedure can be adopted to refine the f; estimate. We propose an optimization algorithm for the
bi-phase power-law of Eq.(5.1). First, we rewrite Eq. (5.1) and let (Q =¢ + g, G =g, and K =

¢fo*9), in this form

0
()=o) (r2+52)° . (5.5)
which is less constrained for linearizing and easier to manipulate. Now, consider a logarithmic

error function e(Q, G, C, fy) in the following form with C = log K,

0.6,. )=~ logs(£)-10g3(7)f (56)

i=1
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where S is the estimated power spectrum of the signal, S is the power spectrum of the model, N
is the number of power spectrum samples, and f; is the corresponding frequency of the i sample.
Having an estimate for f; (the peak frequency f;, of S can be used for the first iteration), Eq. (5.6)
is minimized when 0e/0G = 0e/0Q = 0e/0C = 0. Differentiating Eq. (5.6) with respect to Q, G,
and C, it is easy to show how these parameters can be estimated by a standard least squares
approach and by solving a linear system of equations [Talebinejad et al., 2008¢] (Appendix C,
shows the standard least squares solution). In our proposed algorithm, we perform a partial

differentiation on the error with respect to fy, and compute the new estimate of f; by finding the

root of the non-linear function of one variable in the form

G 13 Ceed( 200 )
7 TN (log s(#,) logS(fl){ Ty f,ZJ 0. (5.7)

i=1
We use an inverse quadratic interpolation method [Brent, 1973] to obtain a solution for Eq. (5.7).
The solution is used for updating the parameters computed using the least squares iteratively
until Eq.(5.6) is lower than sdme threshold in this algorithm. This approach results in values for
the four parameters by minimizing the logarithmic error of Eq. (5.6).

But before proceeding any further let us repeat this question again: how does bi-phase power-law
behavior and extended statistical self-similarity help us with multi-scale analysis? Well,

according to Eq.(5.2) the fractional-orders could be used to characterize a signal on a wide range

of scales where the scale is A.
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5.2. Experimental methods

5.2.1. Data

MES data used in this experiment were previously described in section 4.2. The non-fatiguing
data were used to investigate the effects of force and joint angle on fractional-orders. The data

recorded during fatiguing static contractions were used to investigate the effects of fatigue on

fractional-orders.
5.2.2. Analytic methods

Five methods were evaluated and compared: the Katz method [Katz, 1988], the box-counting

method [Turner et al., 1998], the piecewise 1/f* approach [Ravier et al., 2005], the proposed

BPSM approach, and the MDN routine.

The power spectrum is used for the latter three methods. The power spectrum of the MES was
estimated using Welch’s method [Monson, 1996], which is a non-parametric method. The
ergodicity and pseudo-stationary characteristics of MESs make them well suited for a time-slice
averaging algorithm such as Welch’s method compared to the periodogram, which is not
statistically consistent for estimating the power spectrum [Monson, 1996]. For averaging, a
Hamming window with a temporal width of 256 samples (0.256 sec) was applied, with a 50 %

window overlap.
5.2.2.1. Katz method

The eFD was computed for the Katz method [Katz, 1988], using the following equation, applied

to the interference pattern,
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orp = 108) (5.8)

log(r)+ log(%)

where n is the number of samples, L is the total length of the planar waveform and d is the
measurement diameter. In this method, the total length L (i.e., the sum of all distances between
successive points) and the diameter d (i.e., the farthest distance between the first point and any

other point) are estimated directly from the signal’s interference pattern.

5.2.2.2. Box-counting method

The eFD computation for the box-counting method [Turner et al., 1998] was performed by first
covering the MES interference pattern by square boxes with side lengths of 1/2”, where m is the
recursion number (an integer between 1 and 8 in this study). The slope of the bi-logarithmic plot
of the number of boxes versus the box side length was then computed using a linear least squares

regression.
5.2.2.3. Piecewise 1/f* approach

To compute the spectral slopes using the piecewise 1/f* approach [Ravier et al., 2005], Welch’s
estimated power spectrum was partitioned according to the peak frequency f,, and then spectral
slopes were computed using a least squares line fit on each partition of the power spectrum. The
frequency range for linear regression was 20 Hz to 280 Hz. This frequency interval generally
contains most of the spectral information for a MES [Merletti and Parker, 2004]; moreover, it is

shown that the degree of self-affinity is higher in this range.
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5.2.2.4. Bi-phase power spectrum method

The BPSM parameters were computed from the estimated power spectrum according to the
method described in section 5.1.1. The lower and higher frequency limits for regression were 20

Hz and 280 Hz, respectively. The error threshold of the iterative algorithm was set to 4e-8.

5.2.2.5. Median frequency

The MDN was computed as the 50™ percentile frequency from the estimated power spectrum in

the 20 Hz to 280 Hz frequency interval for comparison to other indices.

5.2.2.6. Statistics

Statistical analysis was performed using a general linear model repeated measures [Field, 2005]

procedure to examine two major issues:

1. Significant effects caused by the force and joint angle on the estimated. parameters

(sensitivity).
2. Consistency of sensitivity to force and/or joint angle, among the subjects.

To answer the first question, the probability value (p-value) obtained by the analysis of variances
was examined and a binary decision was made. The hypothesis that the mean values of the
measurements are the same and there is no sensitivity to force or joint angle is accepted if the p-
values are greater than an alpha level of ar = 0.05; otherwise, it is accepted that there is
sensitivity. To answer the second question, based on the inter-subject standard deviation and all

single trials, the probability of seeing the sensitivity among the subjects is computed. For further
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insight into the distinct sensitivity of parameters, a ratio of variation is also defined based on the

range of changes with force and joint angle.
5.3. Results
5.3.1. Consistency of power spectrum modeling

Figure 5.1, shows an example of power spectrum modeling for one subject. The mean squared
error of the piecewise 1/f approach, across all subjects, was as high as 20 % of the total energy
under the power spectrum curve in some cases. The average mean squared error of piecewise

linear modeling was 13.4 % of the total power spectrum energy.

The mean squared error of BPSM was less than 10 % of the total energy under the power
spectrum in all cases. The average modeling error rate was 5.8 % of the total power spectrum
energy. The average error rate shows the consistency of this approach between the subjects; it is
not intended as a measure of goodness of the modeling. In addition to demonstrating good
consistency of the BPSM in modeling the power spectrum, the error rate implies that all the data
exhibit behavior close to a multi-scale self-affine signal. Higher error rates were obtained in a
few subjects whose MES power spectrum was close to flat in the lower frequencies and/or the

estimated characteristic frequency was very small.
5.3.2. Effects of force on fractional-orders and eFDs

The high frequency indicator ¢ and scaling factor ¢ computed using BPSM are significantly
affected by changes in force (p < 0.001). Figure 5.2, shows a consistent trend between these
indicators and force. Error bars of mean values show the inter-subject variations. The eFD using

Katz method is also significantly affected by changes of force, in a manner similar to the RMS,
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as shown in Figure 5.2. The low frequency indicator g, characteristic frequency fo, spectral slopes

and eFD using box-counting method are insensitive to changes of force (p > 0.05).
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Figure 5.2: The BPSM fractional-orders, spectral slopes, Katz eFD, MDN and RMS vs. force level for
different joint angles.

Table 5.1, shows the probability of having force sensitivity among the subjects. All the force
sensitive parameters are reliable in the sense that they occur with high probability in this

experiment.

__Table 5.1: Probability of having a significant for
" Parameter | T :

ce effect among the subjects.

T91.67% | 95.83%
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5.3.3. Effects of joint angle on fractional-orders and eFDs

The low frequency indicator g, computed using BPSM and the left slope computed using the 1//*
method are significantly affected by changes of joint angle (p < 0.001). Figure 5.3, shows a
consistent trend between these indicators and force. Error bars of mean values show the inter-
subject variations. The eFD using the Katz method is also significantly affected by changes of
force similar to the RMS as shown in Figure 5.3, as is the scaling factor c¢. The high frequency
indicator g, characteristic frequency fj, right slope, and eFD using box-counting are insensitive to

changes of joint angle (p > 0.05).
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Figure 5.3: The BPSM FIs, spectral slopes, Katz eFD, MDN and RMS vs. joint angle for different force
levels.
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Table 5.2, shows the probability of having joint angle sensitivity among the subjects. All the
joint angle parameters are reliable in this sense with having high probabilities in this experiment

except for the left slope (Pr = 88.23 %).

Table 5.2: Probabili of having
_ Parameter e

Prl] | 9432%

5.3.4. Effects of fatigue on fractional-orders

The high and low frequency fractional-orders are not significantly affected by fatigue (p = 0.453,
0.671). Figure 5.4, shows a consistent insensitive trend between the fractional-orders and fatigue.
The characteristic frequency is correlated with time similar to MDN. The RMS is increasing with
time; this increase does not affect the fractional-orders because its dynamics are different from a
short contraction and recruitment is in an equilibrium state and not orderly according to the size

principle paradigm.
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Figure 5.4: The averaged parameters and their standard deviations vs. progress of time.
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5.3.5. Summary of the results and statistics

Table 5.3 summarizes the results of all parameters including the fractional-orders, eFDs, RMS

and MDN.

Table 5.3: Analysis of Variance p- Values (aT = 0 05).

MES Parameter
o 7] S ool | i .

0.800
[<0830] <0001

The p-values are compared to the significance threshold which is ar= 0.05; values higher than ar
imply insensitivity and values less than a7 indicate a significant effect (in bold). The Mauchly’s
Test of Sphericity validates the assumption of sphericity (s = 2.21).

The error rate of linear regression is also reported in Table 5.4, which inversely indicates the

degree of linear correlation.

- |28 33 % | 27.54%
12259% | 2331%
- 12921% | 28.50%

1.22.39 % 21.63 %

2732% | 28.53%

29.66% | 28.43%
1575% | 15.43%
10.43 % 11.12 %
19.45 % 18.23 %

] 1598% | 20.08 %

Table 5.5 presents the ratio of force-joint angle variation based on the ranges of indices to

compare the variations caused by the force and joint angle.
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Table 5.5: Ratio (%) between the variations of force and the variations of joint angle.
Parameter Ratio

¢
. Right Slope
 _leftSlope | . 15°
_ KatzeFD
. Box-Counting
oD

5.4. Discussion

The sensitivity of the high frequency indicator g to force is due to changes of high frequency
content of the signal from temporal and spatial MU recruitment; meanwhile, insensitivity of the
low frequency indicator g to force is also consistent with the high frequency effects of the MU
recruitment. These finding are also consistent with the improved force estimates obtained by
high pass filtering of the MES in [Potvin and Brown, 2003], which suggest there are more force

information in high frequency content.

The sensitivity of the low frequency indicator g to joint angle is due to changes of low frequency
content of the signal from changes in tissue thickness and depth of the detected MUs;
meanwhile, insensitivity of the high frequency indicator ¢ to joint angle is also consistent with
low frequency effects of the depth of MUs and our simulated studies [Talebinejad et al., 2006b].
This also suggests that the recruitment variations caused by varying joint angle do not have a

significant effect on the high frequency power spectrum.

The results show that the asymptotic high frequency power spectrum is mainly affected by the

recruitment strategy, and effects of joint angle are very small on this frequency region. Results
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also show that the asymptotic low frequency power spectrum is mainly affected by the joint

angle and effects of force are very small on lower frequencies.

The insensitivity of the characteristic frequency f to both force and joint angle is mainly caused
by the fact that the underlying distributions are not consistently shifted towards higher or lower

frequencies when the MUs recruitment and/or depth are changed.

The scaling factor c is sensitive to both force and joint angle because c¢ reflects changes in the
power and area under the power spectrum. The trends of ¢ are close to RMS, which is expected

as they both reflect the signal power.

The results of this experiment are consistent with our simulation studies with regards to the

BPSM parameters and the effects of MU recruitment and depth of detected MUs [Talebinejad et

al., 2006a].

Overall, the eFD computed using the Katz method is confounded by force and joint angle effects.
This eFD also mimics the RMS trends, which is consistent with the prediction of high correlation
between this eFD and measures of the signal amplitude. The eFD using the box-counting method

consistently saturates around 1.5, which explains its insensitivity to both force and joint angle.

The right slope of the piecewise 1/f* approach is insensitive to force. It was expected that
sensitivity of the right slope to force would be observed because of the high frequency effects of
MU recruitment, similar to the results of Ravier et al. [2005] and sensitivity of the high
frequency indicator g; however, partitioning the power spectrum with respect to the peak
frequency and modeling it using a bi-logarithmic line does not seem to show a significant effect

in this experiment. Avoidance of the transitional period and the range of the applied weights in
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our study may explain this inconsistency when compared to Ravier et al. [2005]. Insensitivity of

the right slope to joint angle is also consistent with the low frequency effects of the MU depths.

Insensitivity of the left slope of the piecewise 1//* approach to force is consistent with the high
frequency effects of Mﬁ recruitment; meanwhile, sensitivity to joint angle is consistent with the
low frequency effects of the MUs depth. The left slope is not as reliable as the other low
frequency indicators in the sense of probability of consistency among the subjects in this

experiment.

The ratio of variation also supports the results of analysis of variance in terms of sensitivity and
shows that the ratio of force-joint angle variation is very high in ¢ and very low in g, which also
suggests that the ratio of joint angle-force variation is high and low for g and ¢, respectively. The
high linear regression error rates suggest that although the trends are consistent a simple linear

correlation should not be anticipated.

The fractional-orders ¢ and g show distinct sensitivities to force and joint angle; this verifies the
hypothesis of sensing the effects of force and joint angle exploiting the texture of the high and
low frequency portions of the MES power spectrum. The eFD and RMS, however, are
confounded by both force and joint angle effects. This is mainly due to changes of the amplitude
and total power under the spectrum. In BPSM, the total power is controlled by the scaling factor
¢, which is separated from the fractional-orders because of the power spectral separation of the

fractional-orders. This unique characteristic allows the fractional-orders to only sense the

asymptotic self-affine characteristics of the power spectrum.

Comparison of fractional-orders to MDN is also very interesting. Sensitivity of the MDN to joint

angle has been also reported previously [Maclsaac et al., 2001a]. Effects of the force on MDN
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are not consistent in the available literature [Merletti and Parker, 2004]. In this study, MDN is

not sensitive to force.

Although accurate for most MESs recorded during moderate contractions, for a few subjects
whose MES power spectrum was close to flat in lower frequencies and/or estimated
characteristic frequency was very small, BPSM was insufficient. This limitation might also be
problematic during zero effort contractions when the power spectrum is not bi-phase. In such

cases, it is not appropriate to use the BPSM and alternative approaches must be employed.

5.5. Conclusions

The revelation of the limitations of previous methods (i.e., Katz, box-counting, and 1//*) in this
work is important given that they have been (and still are) the primary fractal analysis methods
used in this area of research [Anmuth ef al., 1994; Chang et al., 2000, 2004, 2007, Chen et al.,
2006; Talebinejad et al., 2006a, 2006b]. These limitations motivated our work; introducing the
BPSM, a novel power spectrum-based method for fractal analysis of MES, including an
algorithm for the extraction of fractional-orders. This method provides a more sophisticated
framework for fractal analysis of MESs and presents a bi-phase power-law which has a great

potential for a variety of MES applications.

We evaluated BPSM in the context of force and joint angle and have shown how fractional-
orders extracted by this method reflect changes in the MESs. The BPSM has demonstrated
parameters capable of sensing force and joint angle effects separately. Simulation results
[Talebinejad et al., 2007] have been reaffirmed with experimental results presented in this

chapter. This analysis method provides discriminatory information, which would be useful in
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applications, such as classifying MESs (e.g., prosthetic control, or differentiating muscular

diseases).

It was shown that high and low frequency indicators ¢ and g are also insensitive to changes of
the muscle fiber conduction velocity and spectral compression due to the muscle fatigue
[Talebinejad ef al., 2007]. When the measured action potentials expand due to a low conduction
velocity, their underlying distribution is not changed and is only shifted towards lower
frequencies. The insensitivity of g and ¢ is due to the homomorphism [Talebinejad et al., 2007]
of the bi-phase power-law which separates the effects of conduction velocity and spectral

compression from the fractional-orders.

In terms of computational complexity, bi-phase power-law estimation is more time consuming
compared to the 1/f approach and spectral moments. The required time greatly varies depending
“on each case (1 min to 20 min, for 15 to 25 s signals). It is possible to expedite the recursive

procedure by manual setting of initial characteristic frequency for each case with trial and error.
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Chapter 6

6. Long memory: Fatigue estimation using DFA

This chapter presents a novel multi-fractal DFA-based approach for fatigue estimation. This
approach exploits the statistical self-similarity and long-range correlation of surface MESs at
different time scales. This approach provides a fatigue index which outperforms the conventional
MDN during cyclic and random contractions. As discussed in section 2.4.2, MDN is confounded

by factors, such as force and joint angle.

The complex nature of the MES originating from multi-layered hierarchically structured (i.e.,
MU action potentials) and random (i.e., neural innervation) contributions suggest multi-scale
characteristics; that is, when the MES is analyzed on different scales, different characteristics are
exhibited [Gao ef al., 2007]. In chapter 5, a study was presented that also confirms that this
signal shows some form of extended self-similarity that resembles multi-scale characteristics.
Thus, one could analyze the MES on different scales and look for certain characteristics that are
of interest for a specific application. In the case of fatigue estimation during dynamic
contractions, it is of interest to look for scales in which the effects of varying force, muscle
length (joint angle), and innervation zone are minimal, while the myoelectric manifestation of

fatigue is more significant (i.e., an optimum scaling range for fatigue estimation).

In this chapter, we introduce a novel approach based on DFA with which it is possible to analyze
the MES on a wide range of scales and identify the most appropriate time scales in which the
myoelectric manifestation of fatigue is more significant compared to factors other than fatigue.

We evaluate this approach with a human experimentation, in which participants perform static,
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cyclic, and random contractions and compare the multi-scale fatigue index to conventional

MDN.
6.1. Multi-fractal DFA

Multi-fractal DFA [Gao and Royshowdhury, 2000; Peng et al., 1994] has been studied
extensively for determining the long-range correlation and statistical self-similarity of random

processes [Gao et al., 2007; Chen et al., 2002, 2005; Talkner and Weber, 2000] and was

introduced earlier in section 3.4.

After applying the multi-fractal DFA to a time series and obtaining a power-law regime based on
Eq.(3.20), one could compute the Hurst exponent by approximating the whole power-law;
however, as shown in chapter 5, the MES does not follow a mono-phase power-law similar to 1/f
processes, and it is ill-defined to approximate the MES’s power-law with a single line; that is,
there exists fractal-scaling-breaks in the power-law at which the slopes of the power-law

changes. In this chapter we introduce a novel approach to exploit this very characteristic.

For fatigue estimation, MES recorded during an elongated contraction is segmented into several
non-overlapping analysis windows, where the fatigue state is assumed to be constant in each
window. For each analysis window, a fatigue index is estimated. Performance of the fatigue
index could be assessed considering the ideal case for a fatigue estimator to have a mono-tonic
decrease from its initial value to some final value which corresponds to the time instance in
which the subject cannot continue the contraction anymore. Previous studies show that a simple

linear regression is adequate for quantification of performance of fatigue indices [Merletti and

Parker, 2004].
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In our proposed approach the power-law is divided in to a series of localized truncated power-
laws, presuming that the approximation with a single line is acceptable within small scaling
ranges that imply the localized statistical characteristics show fractality. Then, a series of Hurst
exponents are computed for each truncated power-law according to Eq.(3.20). It is expected that
the myoelectric manifestation of fatigue affects the statistical characteristics of the MES, and
thus the Hurst exponent of each truncated power-law. Among a series of Hurst exponents,
corresponding to different local time scales, the optimum scaling range for fatigue estimation is
considered as the one that shows the best linear regression with the progress of time. The

- proposed approach includes three main stages (presented schematically in Figure 6.1):

1. dividing a signal into a number of analysis windows and computation of a random

walk for each window;

2. detrending, computation of a power-law using DFA, and computation of a series of

local Hurst exponents; and

3. finding the optimum time scales for fatigue estimation in terms of linear regression.
6.2. Experimental methods

6.2.1. Data

The fatiguing MES data recorded from human subjects during static, cyclic and random
contractions were used in this experiment (refer to section 4.3). Data were then divided into 4 s
non-overlapping analysis windows (2'* = 4096 samples roughly corresponding a full arm
extension or flexion at a rate of 32°/s); for each analysis window the level of fatigue was

assumed to be constant.



Long memory: Fatigue estimation using DFA |92

MES recorded during a
elongated contraction

Segmentation to several
non-overlapping analysis
windows with constant
fatigue states

|

)

)
Random walk E
construction for each :
I

I

]

1

>

window

i | Obtaining a power-law Truncation of the power- Computing a series of E

E regime using DFA > law to several local time || Hurst exponents for each | !

' ; ‘ scales truncated power-law E
Stage #3 ;

Finding a time scale at
which the linear
regression of the fatigue
index is the highest

Finding the
optimum Hurst
exponent and
scaling range

__________________________________________________

Figure 6.1: Block diagram illustration of the algorithm.

6.2.2. Analytic methods

Two different parameters were evaluated and compared: the optimum Hurst exponent for fatigue

denoted as H, and the conventional MDN.
6.2.2.1. Optimum Hurst exponent

The optimum Hurst exponent was computed according to the algorithm described in section
6.1.1. The scale m (see Eq.(3.20)) was varied between 2* to 2'%, using increments of 2°!. The

power-law was obtained by considering Eq.(2) in a logy-log, plot. The power-law regime was
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then divided into 10 localized truncated power-laws (i.e., local time scales are » < logy(m) < n+1,
n=2,3, ..., 11) and each truncated power-law was approximated by a linear regression using a
standard least squares approach. Similarly, the power-law regime was then divided into 5
localized truncated power-laws (i.e., local time scales are n < loga(m) < nt2, n =2, 3, ..., 10),
and each truncated power-law was also approximated by a linear regression. The Hurst exponent
was computed for each truncated power-law according to Eq.(3.20). This procedure was repeated

for g values ranging between 2 to 3 with 0.1 steps.

For assessment of linear regression to identify the optimum Hurst exponent a linear regression

coefficient was computed for each localized power-law as

i(l,—l-Xi—f)

i=l

> (lf—l‘)zﬁ(i-f)ﬂm

i=1 i=1

y =

; (6.1)

where

= 14 - 1<%,
T=yLhand 1= 20, (6.2)

i=]

The /; denotes the Hurst exponent value of the /th local power-law at the ith analysis window.
The local Hurst exponent with the highest linear regression coefficient was held as the optimum

Hurst exponent corresponding to the optimum local scales.

6.2.2.2. Median frequency

The MDN was computed as the 50" percentile frequency from the estimated power spectrum for

each 4 s analysis window. The power spectrum was estimated using the Welch’s method
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[Monson, 1996], which is a non-parametric method. The ergodicity and pseudo-stationary
characteristics of MESs make them well suited for a time-slice averaging algorithm such as
Welch’s method compared to the periodogram which is not statistically consistent for estimating
the power spectrum [Monson, 1996]. For averaging, a Hamming wiﬁdow with a temporal width

of 1024 samples (1 s) was applied, with a 50 % window overlap.
6.2.2.3. Statistics and performance analysis

A generalized linear model repeated measures procedure was used to examine differences
between the fatigue indices H, and MDN, as well as contraction conditions between all subjects.
An ANOVA was used to evaluate differences between the fatigue indices and contraction
conditions with threshold ar= 0.05. Test of Sphericity validates the assumption of sphericity (s >
2).

The performance of each fatigue index was assessed in terms of wellness of its linear regression

similar to Eq.(6.1) and (6.2) as

(r,-T)i-7)

M=

i

]
—

F= . - 7z, (6.3)
[}:(z,-—f)zzc-f)Z]
=] i=1
where
- 1 - 13,
T=—2Land =521, (6.4)

=1 i=1

The I; denotes the fatigue index value at the ith analysis window.
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6.3. Results
6.3.1. Evaluation of power-law regime

The power-law regime, shown in Figure 6.2, clearly shows that the MES exhibits both mono-
and multi-fractality on different time scales; that is, the Hurst exponent is not a constant function
of moment-order in lower scales before m = 6, which is consistent with multi-fractals, but it is
almost a constant function of moment-order at higher scales after m = 6, which is consistent with
mono-fractals as previously covered in section 3.3. This explains the naiveness of using a single
fractal dimension to characterize the MES. Figure 6.2, also illustrates why using a single mono-
phase power-law in the form of a 1/f processes is ill-defined for MESs; it is also noticeable that
the power-law exhibits an extended form of self-similarity similar to the bi-phase power-law
presented in chapter 5. Meanwhile, approximating the truncated power-laws with a single line in
each segment is well-justified and representative (least squares linear regression error was lower
than 10%° in all cases). The saturation of the power-law for moment-orders higher than qg=3
around the power-law justifies limiting the moment-orders to the range 2 to 3 to reduce the

computational complexity of this approach.
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Figure 6.2: Power-law regime obtained for a typical segment.
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Figure 6.3 shows typical power-law regimes of unfatigued (first 4 s window of a contraction) and
fatigued (last 4 s window of a contraction) states. The power-law experiences two main changes
with the progress of fatigue: 1) an increasing power-law towards larger values at all scales, and
2) an increase of the Hurst exponent at lower scales. These two changes will be discussed shortly

in section 6.4.
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Figure 6.3: Comparison of power-law from unfatigued and fatigued states.
Figure 6.4 shows the corresponding Hurst exponents for 10 consecutive truncated power-laws at

different scaling ranges obtained with g = 2. It is noticeable that the difference between the Hurst

exponents is larger at smaller time scales.
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Figure 6.4: Hurst exponents for 10 consecutive scaling ranges in unfatigued and fatigued states.



Long memory: Fatigue estimation using DFA |97

6.3.2. Comparison of fatigue indices

Figure 6.5, shows the normalized MDN (MDNYy) and normalized H (Hy), for all three tests for
one subject. After normalization the dynamic range of the parameters are restricted to 0 to 1 for

better visualization and comparison.
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Figure 6.5: Fatigue indices normalized for better visualization and comparison from subject 9.

Figure 6.6, depicts the averaged linear regression coefficients across all subjects for all three tests

and the inter-subject variability in form of error bars.
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Figure 6.6: Comparison of H and MDN during static, cyclic and random contractions.
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Table 1, shows the linear regression coefficients of both parameters for all subjects. According to
the results of repeated measures procedure H and MDN are significantly different (p <0.001) in
all three contractions. The contraction condition also significantly affects the fatigue indices (p <
0.001). Table 1 lists the linear regression coefficients for all 10 subjects. The number of cases

where H had the highest linear regression coefficient are 2/10 for static contractions, 10/10 for

cyclic contractions, 10/10 for random contractions.
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6.4. Discussion

The MDN’s performance in tracking fatigue is better than the optimum Hurst exponent during
static contractions and outperforms it in terms of linear regression in 80% of cases. This could be
explained by the sensitivity of MDN to statistical changes of MES in all fime scales which makes
it a useful scale-independent indicator. The optimum Hurst exponent is scale-dependent and is

isolated to changes of certain time scales and is exposed to a limited amount of information.
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During cyclic and random contractions when the MDN is affected by factors other than fatigue,
isolation of the Hurst exponent to certain time scales is advantageous. As shown in the results,
the optimum Hurst exponent has a greater linear regression compared to MDN for dynamic
contractions. This could be explained as the MDN reflects global changes of MES which
includes changes of force, muscle length (joint angle), and innervation zone, but it is possible to
look for time scales in which all other factors are minimum but the myoelectric manifestation of
fatigue and obtain a more accurate fatigue index in terms of its linear regression. Intuitively, it is
expected that different time scales are affected with different varying factors during dynamic
contractions with different levels of significance and the presented approach which identifies the

optimum time scales exploits this feature and outperforms the MDN.

Changes of the Hurst exponent due to the myoelectric manifestation of fatigue could be
attributed to expanded MU action potentials in time which results in an increased long-range
correlation along the MES at small time scales as well as formation of trivial correlations which
could be caused by an increased level of MU synchrony [Farina et al., 2002]; thus, the Hurst
exponent is affected by both peripheral and central myoelectric manifestation of fatigue which
could be also a contribution that results in better performance of the Hurst exponent compared to
MDN which is solely reflecting the changes of muscle conduction velocity during dynamic
contractions. The power-law regime also experiences an increase which does not affect the Hurst
exponent due to its homomorphic separation similar to factional-order(s) of a power-law
presented in chapters 3 and 5. This increase is consistent with dependency of the power-law
regime value to the amplitude of the signal and that the amplitude of the signal is also increasing
with the progress of faﬁgue. Increased amplitude could be attributed to an increased number of

firing MUs and/or their discharge rate [Merletti and Parker, 2004] which affects the power-law
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value at all scales. Our experiments using simulated MESs also confirm that an increment in
recruitment followed by increased signal amplitude also raises the power-law value at all scales
and does not affect the Hurst exponent. This implies that the Hurst exponent is insensitive to the
changes in recruitment strategy and any changes that have a constant effect on all time scales
similar to magnification of the whole signal which yields greater amplitude. Thus, it is most
remarkable that the changes of the Hurst exponent could be mainly attributed to the changes of

persistence among the firing MUs and the correlation between the discharges.

Moreover, it was observed that the optimum Hurst exponent is commonly within the smaller
time scales (i.e., small m values). In smaller time scales, the Hurst exponent is primarily affected
by the correlation of adjacent samples; it is expected that adjacent samples reflect local trends of
force, muscle length (joint angle), and innervation zone location; that is, adjacent samples are
likely to be recorded when the force, muscle length (joint angle), and distance between the
electrode and innervation zone are pretty much constant and form a local trend. Better
performance of the optimum Hurst exponent in fatigue tracking compared to MDN during
dynamic contractions could be also attributed to the removal of local trends from the constructed

random walk.

Conventionally the Hurst exponent is defined to be positive and smaller than 1; however, after
the random walk construction the DFA is expected to estimate a positive Hurst exponent smaller
than 2 [Gao et al., 2007]. The power-law regime also suggests that the MES shows persistence at
lower scales (i.e., higher Hurst exponents) and resembles coloured noise. At the larger time
scales the MES resembles a highly random white noise. These characteristics are very important
in interpretation of the power-law; at smaller scales the degree of randomness is lower and the

MES resembles a random fractal; at larger time scales the Hurst exponent saturates around zero
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and the DFA is not capable of distinguishing the MES from white noise. It is also possible to
show that in most cases when the scale-dependent Lyapunov exponents are positive, at larger
scales MES resembles a chaotic motion which is also consistent with inadequacy of the Hurst

exponent at larger time scales.
6.5. Conclusions

A novel approach for extraction of multi-scale parameters from MES with an application for
fatigue estimation was presented. The optimum Hurst exponent increases with the progress of
fatigue, which suggests the MES becomes statistically more persistent which could be explained
by the time expansion of MU action potentials due to a lowered muscle fiber conduction velocity
and an increased MU firing synchrony. The optimum Hurst exponents also show a greater degree
of linear regression with the progress of fatigue. It can provide a robust method of tracking

muscular fatigue, and is more accurate compared to MDN during cyclic and random

contractions.

In terms of computational complexity, the DFA is also faster than Welch’s method for power
spectrum estimation. In this work, power-law estimation for each segment required only 1.53 s,

for 4 s signals, while power spectrum estimation required over 50 s in most cases.
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Chapter 7

7. Multi-fractality: MCM for discerning neuropathic MESs

The MES changes characteristically with neuromuscular disorders as discussed previously in
section 2.5.3. For example, neuropathic conditions (e.g., nerve injury) are associated with a
reduced number of active MUs and reorganization of the muscle fibers to form larger MUs
[Stalberg and Falck, 1997]. This phenomenon affects the frequency content of the MES and can
be perceived in severe cases during zero effort contractions by visual inspection and/or listening
to the signal via a loudspeaker [Okajima et al., 2000]. During voluntary contractions, the number
of the contributing MUs and their firing rate increases, and the MES becomes very complex; in
such cases, simplistic manual inspection is not very informative and a quantitative approach for

discerning pathological MESs is of interest.

In chapters 5 and 6, it was demonstrated that the MES shows some form of extended self-
similarity that resembles multi-scale characteristics [Talebinejad et al., 2008¢]. Thus, one could
analyze the MES on different scales and look for certain characteristics that are of interest for a

specific application.

In this chapter, we introduce a new method for multi-scale analysis of MESs based on an
interesting fractal process known as, MCM [Gao et al., 2007] previously covered in section 3.4.
We evaluate MCM with simulated needle MESs and present an experiment for discrimination of
normal and neuropathic MESs. MCM modeling is also compared to the conventional NT in the
presence of additive white Gaussian noise which is the typical noise in clinical settings and/or

interference caused by the cross-talk of other nearby muscles.
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7.1. Experimental methods
7.1.1. MCM modeling

MCM modeling in this chapter is similar to section 3.4. In practice, the mean of the MES is
removed, so the weights introduced in section 3.4, are oscillatory between negative and positive
values; therefore, the sum of the weights according to Eq.(3.21) may be zero or negative for odd
moment-orders. In both cases the signal would not show a power-law regime. A simple solution
is to use the absolute value of the signal to make sure all samples are positive, which is what was

done in this work.
7.1.2. Number of turns

The NT was estimated as the number of turn points that are greater than 100 pv [Finsterer,
2001]. We identify the turn points by identifying all the samples that are higher than 100 pv in
the vicinity of a local maximum or minimum and save their time indexes. We then compute the
derivative of the time indexes which could be divided into two categories, 1) index derivative for
time indexes that correspond to the turn points and the samples in their vicinity that are greater
than 100 pv, is equal to 1, and 2) at instances when the turn points and the samples in their
vicinity are smaller than 100 pv the index derivative is greater than 1, this is only reflected once

a time for all the samples smaller than 100 pv between two valid turn points. Number of times

the derivative of indexes are higher than 1 could be used to estimate the NT.
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7.1.3. Simulation of needle MESs

The data described in section 4.2, which consisted of 100 sets of normal and 100 sets of
neuropathic signals simulated at 10 % of the maximum voluntary contraction (MVC) was used in

this work. Each signal was 1.024 s long with sampling rate of 16 kHz (2'* samples per signal).

7.1.4. Classification

For classification a standard fuzzy k-means procedure [Duda et al., 2001] was performed to

classify the signals into two categories, normal and neuropathic.
7.2. Results and discussions
7.2.1. Appropriate scales for analysis

Figure 7.1, shows the power-law regimes obtained after the construction of the MCM model for

two sets of simulated MESs, one normal and one neuropathic.
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v

Figure 7.1: Power-law regimes obtained using different moment orders.

The logMy(e), characterizes individual samples at stage N = 14, which is the lowest possible
scale for the signals containing 2'* samples. Fractal analysis is not meaningful at stage 14
because individual spikes and the noise between them are analyzed. To exploit the statistical
self-similarity and long-range dependency along the signal, more samples denoting larger scales
need to be analyzed. As the stages progress towards the stage 1, the scale becomes larger. Stage
10 corresponds to 2* samples or 0.97 ms (16 Hz), which is smaller than the maximum firing rate
(i.e., inter-spike interval) of the simulated signals (i.e., 20 Hz). Thus, fractal analysis is
meaningful starting at stage 9, when the scale is definitely larger than average inter-spike interval

between the samples (i.e., 32 Hz). Indeed the power-law regimes, shown in Figure 7.1, are fairly

linear from stage 9 to stage 1.
7.2.2. Appropriate scales for discrimination

Figure 7.2 shows the generalized dimension spectrum computed for both power-laws that were

shown in Figure 7.1.
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Figure 7.2: Spectrum of genéralized dimension spectrum computed over a wide range of moment orders
between scales 1 to 9.

It is also noticeable in Figure 7.1 that the differences are larger between stages 5 to 9 compared
to stages 1 to 5. This could be explained by the very large scales at stages 1 to 5, which result in
blurred information that is not very informative to discriminate between both signals. Figure 7.3,
shows restricted generalized dimension spectrums between stages 1 to 5 and 5 to 9. The
restricted generalized dimension spectrum computed between stages 5 to 9, has a much higher
dynamic range when compared to the restricted generalized dimension spectrum computed
between stages 1 to 5; the dynamic range is also higher than the generalized dimension
spectrums computed over stages 1 to 9 (Figure 7.2). Thus, there exists a fractal-scaling break
around stage 5, which can also be seen in Figure 7.1 as a change of slopes. In this work, we
acknowledge this fractal-scaling-break and compute the generalized dimension spectrum

between stages 5 to 9 to exploit the maximum dynamic range in our classification experiments.
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Figure 7.3: Restricted generalized dimension spectrums computed over a wide range of moment orders
between scales 1 to 5, and 5 t0 9.

7.2.3. Classification results

Figure 7.4 compares histograms of the D.sy to the NT when signals are clean and when signals
are distorted with additive white Gaussian noise with a noise power (NP) of 10 dB. Note the
average power of simulated signals is 17 dB. The vertical axes of the histograms represent the
number of samples in each bin. The histograms with more overlap between the normal and
neuropathic samples lead to a lower classification accuracy. The classification accuracy (CA),
using the NT, decreases in the presence of additive noise. The classification accuracy using the

D.so also decreases in the presence of additive noise; however, as shown in Figure 7.5, D.5¢ is

more robust compared to NT.
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Figure 7.4: Histogram of D_so and NT. When the noise level is increased the D._sy outperforms the NT.

In the presence of additive white Gaussian noise, the NT will dramatically change which results
in a lowered classification accuracy; however, summation and combination of samples within the
MCM model has suppressing effects on noise. The D.sy outperforms the NT for classification

especially in the presence of additive white Gaussian noise.
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Figure 7.5: Comparison of classification accuracy using D._so and NT at different noise levels.

7.3. Conclusions

In this chapter, we have presented a new method for multi-scale analysis of MESs using the
MCM model. Results show that we can analyze the MES on a wide range of scales and that
different scales are more appropriate for particular applications. A method for the discrimination

of normal and neuropathic MESs was presented, along with the appropriate scale ranges for this

analysis.

It was demonstrated that the generalized dimension spectrum is robust to additive white
Gaussian noise compared to the conventional NT; the MCM modeling suppresses the noise by

summation and combination of the samples. Results show this new method provides a reliable

measure for quantitative analysis of MESs.
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In terms of computational complexity, this approach is directly applicable to the signal and

‘requires 0.98 s for 1.024 s signals and is comparable to the number of turns which requires 0.96

S.

Future research will validate these findings with human experimental data. It would also be
interesting to analyze the power spectrum of the MCM model at different levels to see whether a

scale-dependent power spectrum representation is useful to complement the scale-independent

power spectrum.
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Chapter 8

8. Chaos: Fatigue estimation using LZ complexity measure

In section 3.5, we have shown the MESs are not fully random or fully chaotic. It seems well-
justified to exploit the deterministic complexity that can occur under highly non-linear
deterministic and chaotic settings. As well, one can look for parameters that reflect the
myoelectric manifestation of fatigue to complement conventional measures. In this chapter we

present a LZ complexity measure for analysis of MESs and fatigue estimation.

The LZ complexity measure and its variants [Lempel and Ziv, 1976] have been widely used to
identify and quantify irregularity and deterministic complexity in signals [Aboy et al., 2006; Hu
et al., 2006; Nagarajan, 2002; Zhang ef al., 2001]. In general, LZ complexity measures the rate
of generation and occurrences of distinct deterministic patterns along a signal, as well as
synchronization among the samples [Gao ef al., 2007]. It is also related to the entropy rate of the

underlying source responsible for a time series [Gao et al., 2007].

It is expected that when the muscle CV decreases with fatigue and the MES frequency content is
shifted towards lower frequencies, the number of distinct patterns and the rate of their occurrence
also change in the MES; moreover, it is expected that a greater degree of synchronization among
the firing MUs occurs [Merletti and Parker, 2004]. The most remarkable characteristic of the LZ
measure is its insensitivity to the actual patterns, so it is reflecting primarily the rate of their
creation and synchronization. This characteristic makes it a unique analysis technique for MESs.
If we consider the confounding effects during dynamic contractions affect mainly the MES

patterns, while muscle fatigue affects primarily the rate of creation, occurrence and
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synchronization of the patterns, one would expect a more accurate muscle fatigue index based on

the LZ complexity measure relative to conventional frequency parameters.

In this Chapter we present a LZ measure, which is enhanced to a multi-level symbolizing
algorithm to avoid the effects of noise between the MUAPs in the MES. Moreover, we evaluate
the LZ measure for fatigue monitoring with a human experiment and compare it to the

conventional MDN during static, cyclic and random contractions.
8.1. Experimental methods
8.1.1. LZ complexity measure

To compute the LZ measure, a MES numerical sequence must first be transformed into a
symbolic sequence. The use of symbolic techniques to map a time series into a sequence
retaining its dynamics has been quite popular [Abasolo et al., 2006; Wu and Xu, 1991].
Conventionally, the signal x(i) is converted into a binary sequence s(i) by comparing the signal
with a threshold value &7 [Zhang er al., 2001]. That is, whenever the signal x(i) is smaller than {7,
one maps the signal to 0; otherwise, to 1. This can be expressed mathematically as,

N 0’ lf x(i)<§T
S(l)_{l, otherwise . (8.1)

The symbolic sequence P; is formed as,
P =5(1),8(2),..., S(N) (8.2)

This sequence can be parsed to obtain distinct pattérns. Several methods have been proposed to

perform parsing. In this work, we use the parsing method proposed by the original authors of LZ
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complexity [Lempel and Ziv, 1976], which is the most widely used method. This parsing method

1s described below.

Let the symbolic sequence P, be divided into substrings P; (i,j), which start at position i and end
at position j; that is, when i <j, Ps (i) = s(i)...s(j) and, when i > j, P, (i) = @, which is the null
set. Let V(Ps) denote the power set of substrings in the sequence P; excluding the null set (e.g., if
P; =001, then V(P) = {0, 1, 00, 01, 001}). The parsing procedure involves a left-to-right scan of
the sequence P;. A substring Py(i,j) is compared to V(Ps(1,7-1)). If Py (i)j) is present in V(P«(1, j-
1)), then P; (ij) and V(Ps (1,j-1)) are updated to Ps (ij+1) and V(P«(1,)), respectively, and the
process repeats. If the substring is not present, then s(j) is marked to indicate the end of a new
component, and P (i,j) and V(Ps (1,/-1)) are updated to Py (j+1,+1) and V(Ps (1,7)), respectively.
The process continues until j = N, where the N is the length of the symbolic sequence P;. For
example, the sequence 1011010 ‘would be parsed as 1.0.11.010., where the period is used to
indicate the end of a pattern. Now let ¢(V) denote the number of distinct patterns after parsing of
the source sequence. In the example, the number of distinct patterns is ¢(V) = 4. Lempel and Ziv

have shown that the total number of subsequences present in Ps, denoted as 7(N), has an upper

bound in this form
T(N) < c(N)[log, {c(N)}+11, (8.3)

where a is the number of symbols present in the sequence (in this binary symbolizing procedure

o= 2). The LZ complexity measure is a normalized version of the upper bound defined as,

LZ = ¢(N)[log, {c(N)}+1]/N . (8.4)
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It is possible to transform the signal x(7) into more than two symbols; however, previous studies
have only examined the binary conversion to estimate the LZ complexity in biomedical signals

[Wu and Xu, 1991; Xu et al.,, 1997]. In this work, we examine a multi-level symbolizing

approach.
8.1.2. Multi-level symbolizing approach

When estimating the LZ complexity of MES, the conventional binary symbolizing procedure
might be affected by a false sense of complexity. This is due to the presence of low amplitude
noise between the MUAPs in the MES. The noise will influence the number of distinct patterns
greatly, even though the noise is irrelevant to the actual myoelectric information in the MES. To
mitigate the effects of noise, we propose a multi-level symbolizing procedure. In our proposed
approach, we symbolize the MES with three different levels: 1) positive portion of an individual
or superimposed action potential, 2) signal content with low amplitude containing the noise
between the MUAPs, and 3) negative portion of an individual or superimposed action potential.
We perform a k-means clustering procedure with constrained centroid positions [Duda et al.,

2001] to symbolize the raw MES to a ternary symbol sequence. With this procedure, Eq.(8.1) is

extended to

1 if « x(i) € cluster#l
s(i) =1 0 if < x(i) € cluster#2 (8.5)
—1 if « x(i) € cluster #3
The centroid of the first category corresponds to the level 1 symbols; the k-means clustering

procedure initializes the position of the first centroid as the maximum value of the signal. The

centroid of the second category corresponds to the level 2 symbols; the k-means clustering
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procedure initializes the position of the second centroid as the mean signal value, which is zero
after the removal of the mean. The centroid of the third category corresponds to the level 3
symbols; the k-means clustering procedure initializes the position of the third centroid as the

minimum value of the signal.

Figure 8.1 shows an example of both binary (2 level) and ternary (3 level) symbolizing
procedures applied to a MES segment. It is clear that the rate of symbol changes is higher in the
binary symbol sequence than ternary symbol sequence. Inclusion of the third symbol enables the

symbolizing procedure to account for low amplitude noise between MUAPs.

The Lempel and Ziv parsing procedure described in section 8.2.1 could be generalized to more
than 2 symbols. In this work, we employ this parsing procedure with the proposed multi-level

symbolizing approach.

MES

Binary

Temary

Time (s)

Figure 8.1: An example of binary and ternary symbolized signals.
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8.1.3. Data

The fatiguing data recorded during static, cyclic and random contractions were used in this
experiment (refer to section 4.3). Pre-processing was similar to section 6.2.1. Data were then
divided into 5 s non-overlapping analysis windows (roughly corresponding a full arm extension
or flexion at rate 32°/s); for each analysis window the level of fatigue was assumed to be

constant.
8.2. Analytic methods

Three different MES parameters were evaluated and compared: 1) the LZ measure obtained by
the binary symbolizing procedure, 2) the LZ measure obtained by the ternary symbolizing
procedure, and 3) the conventional MDN. The binary LZ measure, denoted as LZ,, was
estimated by symbolizing the raw 5 s MES analysis windows with a single threshold that was set
to zero, along with the described parsing algorithm in section 8.2.1. The ternary LZ measure,
denoted as L.Z3, was estimated by symbolizing the raw 5 s MES analysis windows using the k-
means procedure described in section 8.2.2, along with the described parsing algorithm in section
8.2.1. The MDN was computed as the 50th percentile frequency from the estimated power
spectrum for each 5 s analysis window. The power spectrum was estimated using Welch’s non-
parametric method [Monson, 1996], with a 1024 sample (1 s) Hamming window and 50 %

window overlap.
8.2.1. Statistics and performance analysis

A generalized linear model repeated measures procedure was used to examine differences

between the fatigue indices LZ,, LZ3;, and MDN, as well as contraction conditions between all
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subjects. An ANOVA was used to evaluate differences between the fatigue indices and

contraction conditions.

Performance of each fatigue index (i.e., LZ,, LZ;, and MDN) was assessed in terms its linear
regression, assuming an ideal case is a linear monotonic decrease from the beginning of the
contraction until complete exhaustion. In other words, after approximating the evolution of

indices with a linear regression, a linear regression coefficient was defined in this form

N,

Z(I,.—T t,~1)

i=]

r= [i . _I_)Z% . _;)2]1,2 , (8.6)

i=1 i=1

where
_ 1 N, _ 1 N,
T=g2liand =57 20 8.7)

I; denotes the fatigue index value at the analysis window number #; and A, is the total number of

analysis windows.

8.3. Results

8.3.1 Comparison of fatigue indices

Figure 8.2, shows the normalized fatigue indices MDN, LZ,, and LZ; for all three tests for one
subject. The increased linear regression can be seen visually as a lower variance in the data about
the linear regression line. Figure 8.3, depicts the average linear regression coefficients across all

subjects for all three tests and the inter-subject variability in the form of error bars.



Chaos: Fatigue estimation using LZ complexity measure |117

Static Cyclic
r=0.7412 1 r=0.6837

MDN
&

ante g

"

1g r=0.8701

0 50 0 ) 50
Time (5 s steps) Time (5 s steps) Time (5 s steps)

Figure 8.2: Fatigue indices normalized for better visualization and comparison from subject 2.

According to the results of repeated measures procedure MDN, LZ,, and LZ3, are significantly
different (p < 0.001). The contraction condition also significantly affects the fatigue indices

MDN, LZ,, and LZ;3 (p < 0.001).
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Contraction Condition
Figure 8.3: Comparison of MDN, LZ, and LZ; during static, cyclic and random contractions.

Table 8.1, lists the linear regression coefficients for all 10 subjects. The number of cases where

LZ3 had the highest linear regression coefficient are, 8/10 for static contractions, 8/10 for cyclic



Chaos: Fatigue estimation using LZ complexity measure |118

contractions, 9/10 for random contractions. The number of cases where LZ; had a higher linear
regression coefficient compared to MDN are, 7/10 for static contractions, 7/10 for cyclic

contractions, 9/10 for random contractions. The LZ; was higher than LZ;3 only in one case during

cyclic contractions.

Table 8.1: Linear regression coefficients for all 10 subjects.

8.4. Discussion
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The LZ measure outperforms the MDN in terms of linear regression. This could be explained by
the insensitivity of the LZ complexity measure to the actual deterministic patterns, which
changes with contractile force and/or muscle length, and its primary sensitivity to the rate of
creation of patterns, which is influenced greatly by the muscle CV. Meanwhile the MDN is
influenced greatly by the changes of frequency content due to a muscle movement (i.e., changes

in force and joint angle).

The LZ; outperforms the LZ, in terms of linear regression. This could be explained by its
robustness to low amplitude noise between the MUAPs. With a binary symbolizing procedure,

low amplitude noise appears to cause a false sense of complexity.

Overall, the LZ complexity measure tracks virtual deterministic MUAP signatures (single or
superimposed) and reflects primarily the duration and rate of creation of MUAPs in the MES.
The results suggest that the duration and the rate of creation of MUAPs are affected mainly by
the muscle fiber CV and myoelectric manifestation of muscle fatigue; this is consistent with the
expansion of MUAPs due to the lowered muscle CV. The decrease in the LZ measure due to the
fatigue could also be attributed to the formation of trivial correlations along the MES and higher
degrees of determinism, which is likely caused by the MUAPs expanded in time; this also
implies an increased degree of synchronization between the firing MUs. This is another factor
contributing to the higher performance of the LZ measure, which reflects both changes of CV

and synchronization of firing MUs. Previous studies have shown the MDN is not a reliable

measure for synchrony [Merletti and Parker, 2004].

The results are also consistent with the results of experiment presented in Chapter 6. With the

progress of fatigue the estimated Hurst exponent using DFA shows an increase, which implies,
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the persistence of the MES is increased. This is also a confirmation that the correlation along the
MES is increased with fatigue. A decreased deterministic complexity is also consistent with an
increased persistence as both suggest the randomness of the signal is decreased. The LZ measure
could be used in conjunction with the Hurst exponent for a better understanding of the fatigue

effects on fractal and chaotic characteristics of the MES.
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Contraction Condition

Figure 8.4: Comparison of LZ,, LZ; and H, during static, cyclic and random contractions.

Comparison of the optimum Hurst exponent for fatigue estimation introduced in chapter 6 to the
LZ measure is also interesting. Figure 8.4, depicts the average linear regression coefficients of
LZ,, LZ3, and optimum Hurst exponent (H), across all subjects for all three tests and the inter-
subject variability in the form of error bars. The number of cases where LZ; had a higher linear
regression coefficient compared to optimum Hurst exponent are, 9/10 for static contractions,
6/10 for cyclic contractions, 8/10 for random contractions. The number of cases where LZ, had a

higher linear regression coefficient compared to optimal Hurst exponent are, 7/10 for static
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contractions, 4/10 for cyclic contractions, 5/10 for random contractions. The LZ; outperforms the
optimum Hurst exponent in all contraction conditions. The LZ, outperforms the optimum Hurst
during static contractions and its performance is comparable during cyclic and random
contractions. Note the optimum Hurst exponent was computed for 4 s analysis windows while

the LZ is computed for 5 s analysis windows.

8.5. Conclusions

In this chapter, the LZ complexity was proposed as a measure of muscular fatigue. The LZ
complexity measure has demonstrated improvement over the conventional MDN for the
assessment of myoelectric manifestation of fatigue. A ternary (3-symbol) LZ complexity
measure was introduced. The use of a ternary symbolizing procedure accounts for low amplitude

noise in the MES. This ternary LZ complexity measure outperforms the binary (2-symbol) LZ

measure for fatigue monitoring.

The LZ measure is interesting as it reflects the myoelectric manifestation of fatigue caused by
the changes of CV as well as MU synchronization, which is not present in conventional fatigue
indices based on the frequency content. The LZ measure is computationally inexpensive. In
addition, the LZ measure does not make any assumption of stationarity, unlike other analysis
techniques (e.g., power spectrum estimations used to compute MDN). These characteristics of
LZ measure makes it well suited for analysis of MES; especially during dynamic contractions,

when the signal is highly non-stationary.

In terms of computational complexity, the most time consuming part of this approach is the
parsing procedure. However, the overall required time is comparable to the Welch’s method for

power spectrum estimation and is not more than 10 s in for 5s signals.
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Chapter 9

9. Conclusions and future directions

9.1. Conclusions

In this work, we have presented four major paradigms for multi-scale analysis of MESs

schematically shown in Figure 9.1.

¥4 DFA

Figure 9.1: Schematics of the material presented in this work.

1. Self-similarity: A novel multi-scale bi-phase power-law was introduced which accurately
characterizes surface MES power spectrum recorded during moderate contractions. We
have presented the bi-phase power-law along with a novel methodology named BPSM.
BPSM provides unique parameters that are distinctly sensitive to force, joint angle, and

fatigue. These parameters could be used as complementary information for conventional
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myoelectric parameters that are confounded when muscle moves during a prolonged

contraction.

Long memory: A method for quantitative analysis of long memory, known as DFA was
introduced in the context of MESs. It was shown the MESs show both mono- and multi-
fractality. It was also shown the MESs are characterized with several fractal-scaling-
breaks that could be exploited for fatigue estimation. A new approach for fatigue
estimation was presented to compute an optimum Hurst exponent. The optimum Hurst
exponent outperforms the MDN for fatigue estimation during cyclic and random

contractions.

Multi-fractality: A unique multi-fractal process known as MCM was introduced in the
context of MESs. It was demonstrated that the MESs show multiplicative multi-fractality.
A framework for analysis of MESs using MCM was presented to utilize generalized
dimension spectrum for discerning neuropathic conditions. This new framework has
unique characteristics such as suppressing effects on interfering noise and outperforms

the conventional NT for discerning neuropathic conditions in the presence of additive

white noise.

Chaos: An interesting framework known as power-law sensitivity to initial condition was
used to analyze MESs. This new framework suggests the MESs are not fully random or
fully chaotic but they resemble random fractals and chaotic motions on different scales.
The LZ measure was introduced as a substitute for time-dependent exponent curves in the
context of MESs. It was shown that the binary LZ measure might be affected by a false

sense of complexity due to inadequacy of two symbols to characterizec MUAPs. A new
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ternary LZ measure was introduced which resolves the limitations of the binary LZ
measure. The LZ measure was also discussed for fatigue estimation. Our experiments
confirmed anticipated features of the LZ measure to be well suited for fatigue estimation.
The LZ measure outperforms conventional MDN for fatigue estimation during static,

cyclic and random contractions.

Results demonstrate several potential applications and are promising for analysis of MESs

and potentially other biological signals.

9.2. Future directions

1.

2.

Self-similarity: The bi-phase power-law is accurate when the MES power spectrum is
approximately bi-phase. Alternative approaches could be taken to resolve this limitation
for MESb power spectrums that are not bi-phase. To exploit the MES power spectrum, an
interesting potential approach is to introduce more fractional-orders and model the power
spectrum. Other fractional-order differential equations that show multi-scale
characteristics are yet to be found to improve the bi-phase power-law. The BPSM
parameters need to be examined in conjunction with other parameters in the context of
multi-parameter fatigue estimation similar to neural network-based approaches. This type
of analysis is also attractive for other biological signals which do not show strict 1/f

behaviour such as electroencephalograms.

Long memory: The MES is highly transient and multi-resolution analysis is often useful
for analysis of this signal. Multi-scale analysis using multi-resolution approaches are
expected to be well-suited for analysis of MES. Wavelet-based estimation of Hurst

exponent needs to be examined in this case. The new approach for fatigue estimation
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could be readily generalized for discerning pathological MESs. Further research should

examine ability of DFA for this task.

3. Multi-fractality: The MCM model is restricted to time series. Future studies will examine
generalization of MCM to multi-dimensions. This will be very interesting for multi-
channel MESs. MCM is relatively new and it is interesting to examine this type of

analysis for other biological signals as well.

4. Chaos: The time-dependent exponent curves must be further researched in the context of
MES:s. It is expected that a different form of representation such as transformation to
scale-dependent Lyapunov exponents will improve the ability of exponent curves to
characterize MESs. This type of analysis is also very new and needs to be further.
researched for analysis of MESs and other biological signals. Future research will also
examine different parsing procedures for computing the LZ measure. The LZ measure
could be also used along with the Hurst exponent and generalized dimension spectrum

for more in-depth study of the effects of fatigue on multi-scale characteristics of MESs.

Each of the experiments presented in this work could be generalized to other contraction
protocols or neuromuscular conditions. The simulated data could be altered to emulate
myopathic conditions and different stages of a disorder. It is interesting to examine DFA and
MCM in such cases. The contraction protocol could be also altered to be closer to muscle

activity in daily life. For example it is interesting to record the activity of a muscle for hours and

examine the changes of fatigue during a normal daily activity or an exercise.
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Appendix A: Mono-phase power-law’s probabilistic self-
similarity and generation of syntactic FBM.

Derivations in this appendix are based on [Turner ez al., 1998]. Consider a time series {x(¢)}

generated by a fractional-order differential equation in this form
d q
Fx(t):n(t), (A.1)

where g > 0, and »(f) is white Gaussian noise with a constant power spectrum. When 1 < g <2

the solution to this fractional-order differential equation could be found in this form

dq _ 1 400 g (ikr)
0= j (i )" X (k)™ dk , (A2)

-0

where X(k) is the Fourier transform of x(¢) given by

X(k)= f x()e™dk . (A3)

The k is the spatial frequency. Using this definition the solution to Eq.(A.1) becomes

x(7) L j (ik ) N(k)e™dk , (A.4)
27 2
where N(k) is the Fourier transform of n(f). The solution is expressed in terms of the inverse

Fourier transform of the product of two functions, (ik)? and N(k). Application of convolution

theorem allows us to write this result in this form

x(t) = [ h(t = yyn(y)dy, (A.5)
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where 4 is given by

W) =—— j(ik)“’ ek . (A.6)
2T i

Substituting p for ik, h(f) can be written in terms of the inverse Laplace transform of p™. Since

L[xq]J—@;—l), (A7)
p

when q > 1, and Re{p} > 0, where L is taken to denote the Laplace transform and I is the

Gamma function as
r(g)= [redr. (A.8)
0

We can write

=1 {_r(q_q+11_)} . (A.9)
p
or
1 1
o DL P e A.10
g [p"} () (4.10)

Thus the solution to Eq.(A.1) can be written in the form

_ 1 ¢ n)
x(O)== ® { T dy. (A.11)

This is the Liouville-Riemann transform and is an example of fractional integral. Now consider
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SN B 0D

where A is a scaling parameter. Substituting z = 1y, we obtain

1 15 o 1
x, (1) =Z‘I—F(q)-([(lt—z)l"’ dz =Fx(/'it) . (A.13)

Since x(t) is a random process Eq.(A.13) is statistically satisfied or
Pr{xl(t)}=zlq—Pr{x(/1t)}, (A.14)

where Pr{.} denotes the probability distribution of samples. Eq.(A.14) is consistent with Eq.(3.4)
introduced in chapter 3 and g is equal to the Hurst exponent. Moreover this procedure could be

used to generate fractional Brownian motion as shown in Figure A.1.

-
= =
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g. Q.
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Figure A.1: Generating FBM (fractal noise) by filtering white noise.
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Appendix B: Bi-phase power-law’s extended probabilistic
self-similarity.

Derivations in this appendix are based on a similar approach in [Turner et al., 1998]. Consider

the bi-phase power-law in this form

str- 1" /[[%]] o)

First, we rewrite the Eq.(B.1) by manipulating (Q = ¢ + g, G = g, and K = ¢/4*?) in this form

s(=k(ro) (2 +72)° . (B.2)
Eq. (B.2) corresponds to a noise type x(f) which has complex Fourier spectrum in this form
X(f)=H(IN(), (B.3)

where N(f) is the Fourier transform of white noise and H(f) is a transfer function in this form

H(f) =ﬂ— (B.4)

The solution to Eq.(B.3) is given by

x(t) = zi J.H( FINC)e" dk . (B.5)
7 —00

If we consider the definition of a fractional derivative in terms of the inverse Fourier transform

of (if)° the, using the convolution theorem we can write
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dG
x(r)=jh(r—y)dy—Gn(y>dy, (B.6)
where

:Lﬂn 1 7 86
h(r) 2”_{0——(ﬁ)+if)ge dar . (B.6)

Substitution of p for if allows us to write this result in terms of the inverse Laplace transform in

this form
1
h(t)="L" {——} . (B.7)
(fo+pF
Since
foen]- T gy
(7, + )
it follows that
1 e
h(t) =————. B.9
(t) I.,(q) tl_Q ( )

Hence x(¢) can be written in terms of the fractional integral transform as

1 ¢ e[‘fo('-y)] d°
O 1) LT O

(B.10)

The scaling characteristics of this transform could be investigated by considering the function
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[—fo('—y)] G
1 d
s A [— fo)M r~z)]

ﬂQ F(Q I (/11‘ )l—Q dZG n(z)dz > (B.11)

/1G
= ?— X (/11‘ y fO / l)
where z is substituted for Ay. Hence there exists a statistical scaling relation in this form

Prix(e, fo)} Prix(as, /,/2) (B.12)

where Pr{.} denotes the probability distribution of samples. Eq.(B.12) is consistent with the

Eq.(3.11) introduced in Chapter 3 and shows some form of extended self-similarity.
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Appendix C: Least square solution for the bi-phase power-
law optimization.

Consider the bi-phase power-law in this form

s(f)= c[fijg / [(fij +1T+g. (C.1)

First, we rewrite the Eq.(B.1) by manipulating (Q = ¢ + g, G = g, and K = ¢f*%) in this form

s()=x(r)(r2+ 12)° . (C.2)

Now, consider a logarithmic error function e(Q, G, C, f;) in the following form with C = log K,

«0.6.C./)=1- 2 logs(7)-1oeS()f . (©3)

i=]

where S is the estimated power spectrum of the signal, S is the power spectrum of the model, N
is the number of power spectrum samples, and f; is the corresponding frequency of the i™ sample.
Having an estimate for f; (the peak frequency f;, of S can be used for the first iteration), Eq.
(3.15) is minimized when 0e/0G = 0e/0Q = 0e/0C = (. Differentiating Eq. (3.15) with respect to
0, G, and C, it is easy to show how these parameters can be estimated by a standard least squares
approach and by solving a linear system of equations. Differentiating the error, the parameter set
(G, O, C) can be obtained from the solution of the following linear system of equation

a; ap a;||G b,

Ay Gy Gy |1Q[=|b |, (C4)

ay ay au| | C b,
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where

ay =Y ~2(0g £

ap, =210g(f02 +fi2)10gj;
a, =Z"10gfi

ay =Y 21oglf;? + 17 Jiog f,
Ay = Zlog(fo2 +-fi2) |

a; =Y -2log f,

as, = ZIOg(fo?' + fzz)

a5y = 2-1 =-N

b =Y ~logS(f)log f,

b, = Y logS()logls? + £7)
by = logS(f))

Note a similar solution is presented in [Turner et al., 1998], which has some mistakes in it.
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Appendix D: Published and submitted work.

Journal papers:

Published:

e Talebinejad M., Chan A., Miri A., and Dansereau R. (2008) Fractal analysis of surface

electromyography signals: A novel power spectrum-based method. Journal of

Electromyography and Kinesiology, doi:10.1016/j.jelekin.2008.05.004.

Submitted:

e Talebinejad M., Chan A., and Miri A. (2008) Fatigue estimation using a novel multi-
fractal detrended fluctuation analysis-based approach. Submitted to the Journal of

Electromyography and Kinesiology, JEK-D-08-00127.

e Talebinejad M., Chan A., and Miri A. (2008) Multiplicative multi-fractal modeling of

electromyography signals for discerning neuropathic conditions. Submitted to the IEEE

Transaction on Biomedical Engineering, TBME-00789-2008.

e Talebinejad M., Chan A., and Miri A. (2008) Fatigue estimation using Lempel-Ziv

complexity measure. Submitted to the Journal of Electromyography and Kinesiology,

JEK-D-08-00165.

Conference papers:
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. Talebinejad M., Chan A., Miri A., and Danserecau R. (2006) Fractal analysis of

myoelectric signals. Canadian Medical and Biological Engineering Conference,

Vancouver, BC.

. Talebinejad M., Chan A., Miri A., and Dansereau R. (2006) Effects of force and joint

angle on fractal parameters of myoelectric signals. IEEE Engineering in Medical and

Biology Society Conference, New York, NY.

. Talebinejad M., Chan A., and Miri A. (2007) Effects of conduction velocity and spectral

compression on fractal parameters of myoelectric signals. Canadian Medical and

Biological Engineering Conference, Toronto, ON. (Received an honourable mention at

the student paper competition)

. Talebinejad M., Miri A., and Chan A. (2008) A computationally efficient HMM-based
handwriting verification system. [EEE Instrumentation and Measurement Technology

Conference, Victoria, BC.

. Talebinejad M., Chan A., and Miri A. (2008) Fractal analysis of myoelectric signals
using piece wise statistically self-affine power-laws. Canadian Medical and Biological

Engineering Conference, Montreal, QC.

. Talebinejad M., Chan A., and Miri A. (2008) Multi-scale analysis of myoelectric
signals: Assessment of long-range dependencies and fractal-scaling-break. Canadian

Medical and Biological Engineering Conference, Montreal, QC. (Received a third place

at the student paper competition)
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7. Talebinejad M., Chan A., and Miri A. (2008) Novel power spectrum-based fractal

indicators for myoelectric parameters. International Society of Electrophysiology and

Kinesiology Congress, Niagara Falls, ON.

8. Talebinejad M., Chan A., and Miri A. (2008) Novel fractal indicators with distinct

sensitivities to localized muscular fatigue during static contractions. International Society

of Electrophysiology and Kinesiology Congress, Niagara Falls, ON.
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